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Detecting edited audios is the challenge problem that can help forensic scientists to
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Machine Learning

Y

Supervised Learning

Unsupervised

Classification

Support Vector
Machine (SVM)

— Decision tree

| Ensemble
(Boosting, Bagging,
Random Forest)

— Naive Bayes

- Neural Network

| Etc.

Regression

Clustering

Linear Regression
Logistic Regression

Least absolute

Nonparametric
regression

deviations

Etc.
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L k-means

L Hierarchical clustering

L Mixture Model
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Reinforcement Learning

—  Criterion of optimality
— Brute Force

— Value function
approaches

— Direct policy

search

- Etc



https://en.wikipedia.org/wiki/Least_absolute_deviations
https://en.wikipedia.org/wiki/Least_absolute_deviations
https://en.wikipedia.org/wiki/Nonparametric_regression
https://en.wikipedia.org/wiki/Nonparametric_regression
https://en.wikipedia.org/wiki/Least_absolute_deviations
https://en.wikipedia.org/wiki/Least_absolute_deviations
https://en.wikipedia.org/wiki/Least_absolute_deviations
https://en.wikipedia.org/wiki/Least_absolute_deviations

91n3UN 2.3 Msisaudvenasoansawusladu 3 Uszan fie nsiseuduuuifaou
(Supervised Learning) M3t3euswuuliififaeu (Unsupervised Leaming) wag n13i3euihuy

[

\@33LL59 (Reinforcement Learning) asunalasail
2.2.1 M3lFguiuuuiifaau (Supervised Learning)

a ¥ IS4 . . A Y £
nsiSeuswuLiianu (Supervised Learning) [5] fie n1saeuszuulaguanittoyasyly
nauezls deyalunisaeussuvazedlugluuunnmesiate liirdeyavzunlugluuulvuiag
& 5 1 = v v o v v = |
nsudasdunnmesneutisszaunsaldlunisasuszuuls lneveyaildaounndeyadvinigld

[y [y

waansimaneg (Target) Mieusnintayatieglunquivu Tunmeaeuagliteyadiunadns
Wmving (Target)  1ulfgdiunazaznaaauinteyateglunguaunadnwsidivuneg (Target)
wiold nafimnugnassiwesidusd msuszandldnisSeuduuuiifaou (Supervised Learning)

wuanlu 2 Ussande msduunUssiandeya (Classification) kazn13anaee (Regression)

Supervised Learning

Classification Regression

- Support Vector - Linear Regression

Machine (SVM)

— Decision tree

L Logistic Regression

| Ensemble (Boosting, — Least absolute
Bagging, Random . Nonparametric
Forest) regression

~ Naive Bayes deviations

L Neural Network L Ftc.

L Etc.

sUN 2.4 m3iseusuuuiidasu (Supervised Learning)


https://en.wikipedia.org/wiki/Least_absolute_deviations
https://en.wikipedia.org/wiki/Least_absolute_deviations
https://en.wikipedia.org/wiki/Nonparametric_regression
https://en.wikipedia.org/wiki/Nonparametric_regression
https://en.wikipedia.org/wiki/Least_absolute_deviations
https://en.wikipedia.org/wiki/Least_absolute_deviations
https://en.wikipedia.org/wiki/Least_absolute_deviations
https://en.wikipedia.org/wiki/Least_absolute_deviations

1. nstuunUsznndeya (Classification) Ao nsdwunussinndeyadungudiuiu 2

nauauly fegrinsduunlszsnnvesteyadedlnenisduundeyaidu 2 ngu laun

¥ =

Joyaidesawuuunifiuteyaidsswuuinsaiasyinisinuarasnsidmngliiuteya

Y
o

feansUszin nduldSaneifiulunisduundssnndeyalasSanesfiunisdiuun
Uszinntayailogvatedanasfiy unfieg1991n3y 2.4 laun dunesanmosuusiiu
(Support Vector machine) miﬁauiﬁﬂﬁﬁﬂﬁﬂﬁ] (Decision tree) miﬁauiLL‘U‘U
59Ungu (Ensemble Learning) fdnuunuuuludatnedneg (Naive Bayes) 1Asete

Uszamiiey (Neural network) 10udiy

2. N13aAR8Y (Regression) A N1sldANINeaifunAnwiAdudiusvestoya (e

v v ¢

wensaivseviueveyaniauduiusiulusuinn fegrutudeyayarvesiuly
auAR ANUANTUSARYRNLATLAAIYRIY WL YU A In1sviuieLiielinsui

yarvadiu A Jyaaveaiu A luewanasidueesls Wusiu

2.2.2 nsissuuuulaiiigaay (Unsupervised Learning)

a Y Y ) A vy = = Y ' A oA
msBeusuuulliidaau (Unsupervised Learning) lddoyafinaaunseynsiogieiiliiinig

[ o

lanaansidmune (Target) Wifutoyauazssuuagrinmsseuslaenisindeyalusiunssuiums

Y

v ) i =

winuadieaddutayadiegeiiden aunszivlanguilegiandndulszinneisgogng

Y

e

winzauvsailoitayaundludanaInunIsIsIuIVeNATEN SANINNIETIINTUUIUTLAN

Y

v a a v

Toyalaednlulii Wi Yeyaiduamiauuansniuiiegidudevigiasivds sanesiuag

U >

MNITUUINFUIINAUSNYULVITBYATILANANAIUAD NRuFEYBLaznaNESEVe inatla

Uszmillaun nsuuangy (clustering)
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Unsupervised Learning

Clustering

k-means

Hierarchical clustering

Mixture Model

L Etc.

JUT 2.5 nsseuswuuliiigasy (Unsupervised Learning)

103U 2.5 fregedanesiiuildlunisiseusuuuliligaoulaun k-mean, Hierarchical

clustering, Mixture model Husuy
2.2.3 M3FYUTUUULERIULSS (Reinforcement)

NNSBEUTHUVLESULTY (Reinforcement) Ap N13nseviIliuansngfinssufinauianela
Slevhnginsnlanginssuniuasdesnmsliinginssududag 8n 1wy denideunsusoy
gnAed Agliseda (dniseunela) ﬁﬂSauﬁlzmauﬁ’mmﬁﬂmﬂﬂgmmﬁﬁmmﬂ%gwiaiﬂ Uszinnues
nsiasuuss udseenilu 2 Useuam laud maaSunssuan e nslidasuussuan ey

1Y o

neAnssuAfA MU W iawaianudiuigazlasuaidng nsisudenginssuininua
druduardrndudiaiuesavinlvesiniangAnssutusetazn1siasunssay ds n15lie
a = o a A o [} P [ 4 ~ 1% a, 4 1 a, 4 I [
lESusIaY WevhngAnssuniivue Wy Wesglunesious1isazilaninen Wanisaduy
woRnssufimun meeudrnduiuasuwsa vsetnseuiineumnuazgnaglasunisenyiull
Aoeinseauigs Wudu danesiiuveanisiseuiuuiasuunss (Reinforcement) A Criterion
of optimality, Brute force, Value function approaches, Direct policy search \Uu@u ﬁﬂg‘d

2.6
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Reinforcement Learning

— Criterion of optimality
— Brute Force
—  Value function approaches

- Direct policy search

— gl

JUN 2.6 N131F8UIUWUULATILSE (Reinforcement)

2.3 Iasevnausyamiisy (Neural Network)

TrsstneUszanidion [6]7108] (Artificial neural network) wSefliinaziSandus e
Uszam (neural network ¥38 neural net) A TutnanisndamansusoluinanisAuaind
$1aan19iureneIetsszaivluauesyudiiie Tngusvasdlunisaiiandesdiolid
ANNANNTOIUNTTSBUZNITINTIFULUL (Pattern  Recognition) N159Ui1ULAZN15138U3IA
foyarnudisuierfuauausofifluanesyed wuAnsuduveslasseyssaniona
MnMsAnwIRBuliinginm (bicelectric network) Tuaies Fedsznouse wwadUszam
3o “U759U” (neurons) wagnUseauUssam (synapses) Woinzigaduszanusenausie
Uanglumsiunsziauszam Bondn “waulasii(Dendrite) dadudeyauidn (input) uazvane

=

lunsdenseualszamisond “waaveu” (Axon) Fuduivileuteyariesn (output) Yeuwas
¢ =1 o o aaa = a & A a Y Y oa v - v
wadwiant nsvinuigujisenlniefiasifinfuiielinisnsedumedniinisuenvsensedu
mewasmeiunssualszamazisuaulasiidndioedsadasdudinduindenseduad
= A "y a = o v s ' 1 Y
e seviveld dnseualszannusine dauefeaniznseduirandus deluiiuniawenteu fagy

fi27
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Cell Body
Axon

Soma

/

f Nucleus

Dendrite /

Terminal

JUN 2.7 sUnvuvesiiiseuluanesywd

dmsulurouiiamasiinseu (Neurons) Ussnaumedeyaunidl (Input) wazdeyadsasn
(Output) tnedraadlideyatindt (Input) usiasdoyadiAnintn (Weight) susfmuatinin
vostoyadndn (nput) Ineiliseu (Neurons) wrazlvunasiannsalead (Threshold) Ju
mmuuaAdmtnsuvesteyatidl  (input) Aesannuualyuisagannsadedoyadiosn
(Output) lUgsHiaseu (Neurons) @y Wetiaseu (Neurons) whagnueuaenuliviiemuy
] Y o & v & - Y aaa ad a & ]
FruAun1snul lunnssnzsudinaziniounvujnsen i aliniinduluanes welu
rouwasnegrunlufauvinty fgU 2.8 WSsuisuseninidisenluaneuyudiuiseu

Tupauinmas

Biological neural network Artificial neural network
Soma Neuron
Dendrite Input
Axon Output
Synapse Weight
Symapse i

Dendrites

Synapse.

Summing

\
Derxdrites junction

Synaptic

weights

Ul 2.8 Wisuifieuingeu (8]



13

b, (Bias)
Activati
x1 D Wkl Ctivation
Function
Xy v o
k utput
i Wiz S o0 s
. Vi
Xm || Wkm
Input

JU#1 2.9 suuuuresiiiseuluneuitines

5= '

93U 2.9 Fieregalassainevesiiseu (Neuron) lumeuiamesdaliey 5 dau loun du
usnAadoyaviadn (nput) wnilasen x Fsfoyaindnaivarsdunutueyfuduuennitad
yostayanazihanaeusazAl m unudwiukennitadvesdeyayidn duiidesfotninvie
leuuy (Synaptic - weights) w%amﬁmﬁﬂsuaﬁaydameimwhﬁmﬁﬂ (w) Lﬁaiﬁm%’a%aﬁwﬁw
(Input)  wazA1untn (Weight) ﬂ'W’T/qaawsgﬂﬁﬁmqmﬁuuazdamiﬂé’aﬁaummﬁaiau
(Neurons) Fadudufiany wisdrunasaadady (Summing Junction) duiaufudrusius
nagawazluled (Bias) Lﬁaaﬁ’ﬁLLuﬂUszmwﬁaaﬂaiuﬁﬁau (Neurons) ievinuiadalioudes ag
dwiolugsdnuleifunanszdu (Activation Function) Tududagldiladdunstuaiguileddu
Fnuee (Sigmoid Function) 1vielunisusuamasindadulmduanndvung (Target) Haridu
msnseduiitoldfuinndeiladdudnuey (Sigmoid Function) aziinsfudriinranndesdu
vinlaigda (+ Infinity) SeAndnavldsia (- Infinity) nduazAssinstualfuavamy

dnwaue curve vealleidudinuey (Sigmoid Function) aulaafisglutieiisesnis
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2.3.1 wasi¥unsaunatetu (Multi-layer Perceptron)

Tassteuszamifion i ugunuunisiiflassadnumansdu [dwmiudgmifian
FudouredasiheUszamilsuuuuneidunseunastu fnssuiunmsfinaewduuuuiifaeu
(Supervise)  uwazlddunouiinisdsardeundu (Back propagation) @ miunisiinaouds
Usenaumie 2 diudey Ao n1sdsinulutianin (Forward  Pass)  wagn1sassugaundy

v

(Backward Pass) lasstieuszamiflsnuuumesidunsounarsduildutsznoufe dudeya
191 (Input layer) %’u%gaﬁqaaﬂ (Output layer) uazdusaunu (Hidden layer) Sednvaizvos
TasstngUszamiflenguuvuiamsafidudanuiuiomievasduild nisdeiuludram
foyavgrinudilasaiigsramiftnlududoyatind (nput)  uardsinudrdiuvesdaiay
(Hidden layen) safuluisens sufisfoyadionn (Output) JUf 2,10 Aadredrsaninanssu

1As99N8U ST ULUUANYTU

Input layer Hidden layer Hidden layer Output layer

5UN 2.10 lasseuszamiflsuwuunanedu [9]

dane3¥iu Back Propagation lddmsuasulaseneussamiiisulagagAuinainainm
AanaIn (Error rate) ArmNRANaIatesuanIIiinsseusnn nslaswneuszamiiieuasyin
nsusuAmEn (Weight) Tvdusiusiunisunlatelinnann (Error-Correction) vinn1susuan

UmiinluiFes s aunseislanammnauiiunasefe Inanadnsidmune nienilAinuRanaintion
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ian Ingagyimsusuanimin (Weight) Aeaunis 2.1 uag 2.2

o _ 0E
[ Aw;j = —n ow (2.2)

Tneiian w unuedvn waza E wnuaeufianain aunis 2.1 1lunisiuiniiie
USuAntindn (Weight) Tuprsufumsiseuivedassheussamiieulaedaunis 2.2 Teluns
f-ﬁ’mamﬂ%’ummiL'%*amf[,umstl%’whifmﬁﬂ (Weight) fheghaudnatndngausn (wy) S
ANuAanaIn (Error rate) 785ge aums 22 awvhimsuiuaiasi wy aldmnuRanain

(Error rate) Nan@1aadnlng 0 wanleadu IngmeinuRaAnaIntaaInNaLns 2.3 wag 2.4

(2.4)

Tnefian e wnuAANIRaNaIAveLdazinseu A1 d uwnuAradnsidivane a1y wiu
wadnsildanlasane A i unuduivestoya f1j unudedvesiisou d B unudiam
HANAIATINIINAUNTT 2.4 v‘hm&m@i’mmﬁmwmmaqLwia3ﬁaiauiu%’ju%azgaaiqaaﬂimamsﬁw
Auadnsaufuaidmineagldaanuiianainvesiiseusenun Wevinsmarauiinnain
ATUNNTITEU AUAIAURANAIAYBITITOUNNAINIYIINITUIAIAIURANAINTINAYANNTT

2.4 Fyganurawainsmazi lulglunsusuainin (Weight) Tuaunis 2.2
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2.3.2 Taseveussamiisuwuusiheaudanandu (Radial basis Function Neural
Network)

laseineUszamiisusuuisiealudaiiandu (Radial basis function neural network)
(RBF) [9][10] Julpssdreuszamifisunignanfuduniiiondlatymnisuszuaailugis

(Interpolation Problem) vasdayaniliifas 35n15n15UszanuaAilutag (Interpolation) Ao n1g

Y

v

Y
milaffunanuynInvestoyanilnegun 2.11

S(x)
A

Data points

Intcrpolation

> X

Ul 2.11 FBn1smsuszanalugi (nterpolation)

fodinuaEnvesgn N 90 {x; € R™i = 1,2, ..., N} uaziuundnuainadans
Waunemduduauass {d; € RYi = 1,2, ..., N} aantiuagmiilsddu F: R® - R! fidennass

d‘ 1 |
pnudeulvresn1suszanaA g9

F(xi) = di i = 1,2, ,N (25)

e F(x;) wnuilendu waz d uwnuawadusitmung
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& o a

nsUszanuAluLe (Interpolation) sufilananliudiazidenlaflsitunitenin shvaluda

Handu wnelunisussunualug19nsauns 2.6

Fx) =X wi-o(lx — xl) (2.6)

Tneil o (*) Ao Ludanandy
w; fio At
lIIl Ao uosuwuugAda (Euclidean Norm)
x; € R™ fig 9agudnand (Centers) vausiivatudailandu

PNTuFINIUsEIAAlRINaNMT 2.5 war 2.6 lngldvteyanun aglaaunsigadu

Yosmuusiiluaunin (Weight) feaunisi 2.7

Grd_ " o | [W1 d,
0y @ @ w d
W& P =& (2.7)
Py Pne Punvd IWN dy
Tned
oi= ol =xl|).G.0=12..N
d i [dl, dz, $.5 dN]T (28)

w = [wy, Wy, ..., wy]T

NaUN1T 2.8 d A LNWOINAANGTIREINT (desired response vector) Wag w Av

=

nAwasUIMTNIadY (linear weight vector) Tae#l N Aoruinvesdisgislunisaeuszuuli @

WIUININEIUIA N X N Usenausigaundn ¢;; seaunis 2.9
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@ ={0;;|G,0) =12,..,N} (2.9)

Tnglsununsngiinunsngnisusennaa1lutag (Interpolation matrix) 31AUUYIINITAA

sUanns 2.7 WeglusuumEng fsaunnsd 2.10
dw = x (2.10)

ANUAN @ WunsngnaIuIsanunsnaunsuls (inverse matrix) tavinn1sunuaily

dun1g 2.10 Anmesuinin (w) aganunsamuadlansaunis 2.11
w=dx (2.11)

9nteynnsuszanarilugig (Interpolation problem) anunsatisifeatudaiandu
1nlglunnsadralasangussamiiouwuusiisatuaansiduls Inelassineussamiisunuuiay

a v -] v a a

‘1/‘1’1miLLuwsﬁamuaawﬂﬂ%gmagamwﬂﬂé’aﬂ%gﬁqmé’wmsLﬁaﬁi’wLLuﬂUssmw%’aaﬂauuUigm
AAN®UE (Feature  Space) UaldevadlasadngUszamenwuusifeaudanlendy (Radial
basis Function neural network) #e ddegaiinisiniznguriugs ethilsiduidedainasey
ToyadgybiiAnAURANaAganTzlpyaniuegluilandudesaivie snuinlitayausduiu

lAnANEANaIa (Error) 5UR 2.12 wanslassaiiaveslassiguseamiiennuuisineaiuda

#9ndu (Radial Basis Neural Network)

Input layer Hidden layer Output layer

JUN 2.12 laseasnveusingaiudailandu (Radial basis neural network)
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2.4  FANWBSALINADIUUBIU (Support Vector Machine : SVM)

Famosannmesuuvdu (1111121113 Dusduundssinndeyauvunisiiaituie
uiladgmuestassisyssamifeuuuusaiy Imamﬁ’aﬁugmmmiﬁ%Laummﬂ%mmqaﬁa
LLazﬂismumsam’nmﬁmL%ﬂﬂsqa%ﬁﬂﬁﬁwﬁqm (Statistical Learning Theory and Structure
Risk Minimization Principle) l#idunszuiunisidenwuuiiassfimuzan Tnsthdnmese
nnweduirdululflunisduunussiandeyailiu 2 nguilegluuigiinudnumy (Feature
Space) lagvinnisasiaszunuluiifgs (Hyperplane) ﬁaéﬁaamwaﬁamLﬁaLLaﬂsﬁagaaaﬂaﬁﬂ

U Y

fu Sunnideyadmsulelunmsasussuy {x;, d; 3L, el x; Aedeya way d; Fedndnung

Y

ndwihmsuusandmedu 2 ngufe d; = +1 ues d; = —1 dwnesannnesuuyduay

N15a379 Optimal Hyperplane 71a11150310unUayaniiaasnaueanaIniy feauns 2.12

wix+b=0 (2.12)

log?l X Ao Lanwesveya W fis LnwesAmvin uay b fie lued (Bias) meldteuly

De
De

wix+b>o0ford; = +1 (2.13)
wix+b<o0ford; = —1 (2.14)

dwsunnwesumtn w uagluwed b luAudeddudulewesinauauaunis 2,12
wazntoyanaennaedfiuaunis 2.13 way 2.14 Sunil dnnesannmes lagdunesannmes

ALON M TUNITEHLMNTE NIV UNIEDIR UV latlasinaunyin s e 2119521190 UNAN9

Y

- = 3 v oy = ' & = I3 =g a o I3
Nandalaiasinaunlaarediinalsseniteveuiiass Sunlaesinauilidn sendsa lawes

iwau (Optimal Hyperplane) U 2.13  wansliwiufisnisassoenisialawesinau (Optimal

o [ a

Hyperplane) dwsudigiveyaindrvuinassdid (two-dimension) 108 wy Wae by ABAN

Y

¢ 3 o P P v a o s & o A v a
L’JﬂLG]’eJTLl'TWL!ﬂLLﬁSlULLBﬁVILW@ﬂ%ﬁNVI?j@ PNUU ’e]E)‘WG]iJﬁiSLU@iLW@UQSLﬂU@’JWi“ﬁUﬂWiG}@aﬁLQ

) Y v

wlskendeyauuunaneiinlulsgiiveyatndieaunis 2.15

Y
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wix+by=0 (2.15)

NAUNISA 2.15 15181508 UNIATUNISIIWUN IPRIEUNIA 2.16

gx) =wlx+b, (2.16)

Feature space

Optimal separating
hyperplane

aNs
@
T &
Q0
@)

JUN 2.13 gnnasannmoswuyiiu [11]

2.4.1 \asiua NNty (Kernel function)

Kernel function «Juilafduiildunarnuananiely (nner product) vesiledduivimgii

o v

lunsuundayainUiniveyaundy (nput Space) Wdiinlinaanume (Feature Space)

=

wmestuaileanduazdiglunisiuundssiandeyarinlinisdnuunyssiandeyaiiuszansang

a

997U A10819U01ADSIUANIATY 19U Polynomial Function uag Gaussian Function &4l

<

anwazilunsmnssszsininndlglunsaseungudeyaliioviinisuundeya wazuuingutdeya

a (% =

Tud3giinnudnuaie (Feature space) lngldlawesimaulunisutteyaseniluasingu dsgy
2.14
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oqU o poo O o DD[IIZIDDD i
O _--. O O Opg O

O P ® . a o [:]D a

' \\ D D D DD D

E"'&% o/ o o m Oy
EI ‘l OB !;‘ o D D

EI b 0 %{’ D D Oo D D

\\"_',,' OOO% O \ D

O O O 005 0 0 ©

gﬂﬁ 2.14 wpaLua RBF (Kernel RBF) [12]

2.5 AIMUNUUULUIE19918 (Naive Bayes Classifier)

LY

faLunkuULUges13d1e [14] agldndnnisvesngeiainuuisdudiuigaslunis

YI191U IQEJ‘VT’]ﬂ?if’ﬁ’lﬂ’lmﬁ’]ﬂ"]ﬂ’ﬁmﬂﬂﬂﬁL‘ﬁuLLUUﬁﬁ’eJuvL‘U nanAenIsAMUIANUIv T uTe

'
=2 o a

wisnsallawinniseinis leeldSeulanildignmamsaintufstuet feuud Fwagvinindeu

¥
= o

Judydnualneedineansidu PARB) leefiAived A waz B uwnuwmansaliiintuignsnis

AurnauLnazluLuuiiEeuly feaunisi 2.16

P(ANB)P(B|A
AT B L afl) (2.17)
P(B)
Ine?l  P(A|B) fa anuianduiiszsiamanisal A Wetiamvanisel 8 nou
P(A n B) Ao armunazsduvasmsiinmnnsel A 4ag B iAnTusauni

P(B) fv ﬂ'wmmﬁwzLﬂmmmiLﬁmmmid B

nsUssendling wiuuiuganansausuliaenadesiumsiunyseinndoyalaniaunisn 2.18

P(class)P(attribute|class)
P(attribute)

P(class|attribute) = (2.18)
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lne?l  Plclasslattribute) @o Anuhasdulunisiinaaid (class) Welnadnuease (attribute)
WRTU
P(class) AoAnutiazidulunisiinaana

P(attribute) Aomnuiandulunisiingudnvue

AN 2.18 LlstayausaviiogalTnuiuandnyusiinnimilamagldaunisi

2.19 Faf

) __ P(class)P(ayq,as,...an|class)
P(ay,az,..,an)

(2.19)

P(class|aq,ay, ..., ay

Tunsalinsiinaudnuaie q; tagldvuasseduaunsadiuin P(ay, ay, .., aylclass)

I§fsaunsi 2.20
P(ay,ay, ..., anlclass) = [1i=; P(a;|class) (2.20)
Tned [TY, P(a;|class) = P(a,|class)P(a;|class) ... P(a,|class) (2.21)

daun1sdkuniuuiugeg1sdtedeaiuisarialalagnismaaiadtuuiazidu
= &£ 5y o A= = % o < a
P(ay, a; ... ay|class) BRuagiuuszinvdayaniinisisousluyndeyaiu We ¢ 1Wuaudnves

Class 199 lngnadnsaainsduunUsunnasimunnataniaiaaisziluinigalviu

foe9TifaInN1SYUNe FIaNANST 2.22
y = argmaxec P(cj) | P(al-|cj) (2.22)

lne?l y AonaansNlaannsiduunLuutudegedy
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Y o/

2.6 nMsissuinuliidadula (Decisions tree Learning)

suliidindula (Decision Tree) [15] Wulassasnedoyaviinuuudrdudu (hierarchy) agld

| a v a P gy v v Y o o aa X = '
ﬂﬂﬂLWﬁQIUﬂqim@ﬁiﬂﬂ Iﬂﬂﬂ%uaﬂﬂm%ﬂa']EJG]HI@Jﬂﬁ‘UVI'JW@JTm@EJ@']U‘Uuﬁ@LLa%ﬂf[’U@%a'}ﬂ?‘!ﬂ‘sﬂaﬂ

Y 9

suld meluduliazyszneuldielnum (node) Tausazlnunvziinadnuae (attribute) W
nageu Awesiulyl (branch) szuansmduldldvesnaudnuaziignidennagsu wazlu (leaf)
O @

% & a a1 v Yo a = i v A U cav v
Fududanegarsgavesduldindulanansdanguuesdeya (class) duffenadnsinlaainng

e Tnglnuaieguugavetnuldisenit Inuasin (oot node) JUN 2.15 uandlaseasiaves

aulddngula
age? ] ‘& root node
| SEnTor .kw .........................
middle_aged " branch
node :":;;. e
no yes fair excellent

Ui 2.15 Tassaeduliisnaula (Decision tree) [15]

nghilusuldildlunisdndulainesidongenouiiawmesvioll lnedinuanyue
N300ARY (age) TiniTeu (student) uagdnsuAsAn (credit_rating) lneilnundiasusyula

silunisnaaeunnanvuzveloya wazanmeaslanadnsveansviuieinasdensuiimes

a [

(yes) w3nlidopouiiames (no) annisnageumuduniswesruldanaulanaslnuasinly

a

quislu msadreduldandulaavairslusnuarainuuaas (top-down) tuffe 1319INAISHY

Auanwazfivinzaniga Wethundusmnvesduliivdr@usnislvaudslulaeduneunisadis

9

a a o

auldidnaulaasiine
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Algorithms Generate_decision_tree.Generate a decision tree form the training tuples of data partition D.
Input: - Data partition, D, which is a set of training tuples and tuples and their associated class labels;
- attribute_list, the set of candidate attributes;
- Attribute_selection_method, a procedure to determine the splitting criterion that “best”
partitions the data tuples into individual classes. This criterion consists of a

splitting_attribute and, possibly, either a split point or splitting subset.

Output: A decision tree
Method:
(1) Create a node N;
(2)  If tuples in D are all of the same class, C then
(3) return N as a leaf node labeled with the class C;
(4) if attribute_list is empty then
(5) return N as a leaf node labeled with the majority class in D; //majority voting
(6)  apply Attribute_selection_method (D, attribute_list)to find the “best” splitting criterion;
(1) label node N with splitting criterion;
(8) if splitting_attribute is discrete-value and
multiway splits allowed then // not restricted to binary trees
9) attribute_list <= attribute_list-splitting attribute; // remove splitting attribute
(10)  for each outcome j of splitting criterion
// partition the tuples and grow subtrees for partition
(11) let Dj be the set of data tuples in D satisfying outcome j; // a partition
(12) if Dj empty then
(13) attach a leaf labled with the majority class in D to node N;

U 2.16 Tumpunsaseduliisindule (Decision tree) [16]

1 SUAUAS1IAUATULNTILUA

2 indeyanmuneglunguiieniu ilnuanaiwulnddulvualusay Avuadd
menguvesdeyatu wu ngu 1 Wudu

14 2
Ay X I3

3 ondeyaldlinudnvauslalminzaulunisudsngulvlnuanasiagulnnudy

'
¥ a a

Inualukazimuarsenauiiiveyaativayuinniaavisediveyasndannian

Y 9

4 ondayaivarnviangnguizluiuazinnsidenaudnuusnlauminzauian
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Jusmageumsdnduls Tnan15inanAnnu (gain) vesusazaudnsu waz

AMUUAATALNUANES 19T UM INAdaUNITHnaLLR

5 Welasmageunisandulauad nasanuuliaisnsesdulimeainieg 9

Juldldvessmeaeu uazuisdayasonmuiasinefiasadu

6 fa1sandeyaudazie mnnuindeyanmueeglunguipediulvsefsmelnun

U wagmvuarImgnguvestayaiuudimuinteyainainvaienauisUuiu

Tinnsugnismsnaasunisanaulafmunzauseld

(%

7 mmaugniiesusdoyauazunniwesuliluiesy lnen1siudazdugaise

dedeulutaladentesaluiiduase

- fogavivuatulnuneglunguiedfiulilnuaias uludulnue
TunagmvunAmenquYeItayaty
- lifinuanvalafizanlunisuiingy Tilwuaiasrutuduliuelu wag

9

AmueAIENAuNdveyaatuauuLInfian

U ]

2.7 M3I38UTWUUTINGY (Ensemble Learning)

MaL3EUTUUUTINNGY (Ensemble Learning) [171[18] Wunisieusdvesaiauuuiyaeu
(Supervised Learning) Usuuvila lngnsiseuiuuusaunguidumsinlumanisdwundssiam
Joya (Classification) Tuguuuusngg anviheusidiudnnuatglung ietigiiauseaniam

ludduunUssinmdeyaliduseansnmasdu
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X2
[ ] W; Voting

2| Output

Input Base Classfier

JUN 2.17 N1siSeusuuUTINNgY

91n3U71 2.17 Ma3eusuusiunguuuslidu 4 daufe deyadnda (nput)  luwanas
Juundssiandeya (Base Classifier) danasfiudldlunisiunin (Voting)  wazdeyadiesn

(Output) a5unesiall

1. Feyarhidn (Input) Aediuvesteyadmiuldlunisaow uagnnaeusyuy

2. TweansanunUseLanuuiiug 1y (Base Classifier) Aadiuvesdanasnunisdnhun
Ussiandeya (Classification) Nihanldlunisisens lagagvinmsasnsdanasfiusgaiu
° 1% | = Yy A a a a a v
et luaadndislunisseusiieiuyssaniamlunisteuslvinasenin
dQ‘ cg U ! LY a = d' ¥ U 2/ Y a N\ Y a 6 o
ABsUU Mregrsvesdanasruiildlann auliidadula (Decision tree) n1silATIZYG
unUszian  (Discriminant  Analysis) k-Nearest neighbor #3ausduagnneosen
nNResKIAL AgunsaihinUszendlinusiuiunisiseusiuusaungulamguiu

3. nslmn (Voting) A danasulunisinin lagagyinnssiusiunasnsilaainlune
N13IMUNUTENNRUUTUFIUAINUALYINN TR IHAANS

[ |

4. Yeyadigen (Output) Fie #IUVBNAANTNLAIINNITTHUTUUUTIUNG

NSYINNUYBINSTIYUTHUUTINNGY 1THNYIINSIRNYTaMMUAlLAaN1TIUUNUTELAN
Joya (Base Classifier) uavdanesnuildainslumaiuuniungy Mnduimuadiwiulunanis

Seuiinvglidnumiivsiunisseus Wevihnsivuannegiaieuies ddeyadidiuniiins
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dousruu AnUuanesiuldasdunawuununguazdmanidanlueanisseuiuniing
UFudsaAnmsuanuasvestayatidl ingrauasuiwiuliwanivue luingriinusiuszend

dnamyadinlddmvaidumanisiseuiiuuunguivediunUssinmdeyaides

2.7.1 dana3iiu Lwayan (Adaboost Algorithm)

dane3fiulenyas (Adaboost Algorithm) (Uudanesfiuiildaislananisdeuiiuy

T3NEY TupsuMTIINUYeINIsissuiLuuTIungulaglidanesiuenyaduanasiagy 2.18

Adaboost Algorithm

Input: A weak learning algorithm WeakLearn, an interger T specifying number
of iterations, and N training data {(x1, 1), ..., Cxn, V)3

Output: A strong classifier F

1. Initially the weight vector wj = % Jfori=1,..,N.

2. | Borte=3)2, . Mlldo

3. Call WeakLearn, providing it with the distribution on wt; get back a weak
Learner hy : X — +1.

a. Calculate the weight error of hg:

N
ee= ) Wil [he(Ge) # %]
i=1

_1 1-¥§
5. a; = 2ln( ~ )
6. Update weight wt! « wf ey fori=1,2,..,N.
7. Normalize weight Wit « Wit/Z?’zl Wl-'t

8. Output the final strong classifier

F(x) — {1) lf Z’II;=1 Clrt ht(x) 2 OI
—1, otherwise

3Uﬁ 2.18 danesiiu Leayas (Adaboost Algorithm) [17]
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31N3UN 2.18 MaseuuuuTungulnglddaneifiuenyanaziinslifiuysaieg

1ALl UM IAIMINAENGEDNNN AILUTAI9Y) TANUNNNEAI

—_

e R L T N A

10.

11.

12.

13.

14.

1 [

A1 T A IuulaeansdeunUsenviuuiugu (Base Classifier) Mavun

D

1 [ v

AN AB IIUTBYATIIVIA

D

¥

AU

=

o))

e
[

AN X AR UB

4

29019 (Target)

! A v sa
A1y AD NAdNSH
A1 F fio Haansnavanvaslaaanisiseusuuusiungy
A1 w Ae ATUNN (Weight)

A1 i Ao Sviuresteya

At Ao a1RUYDILLABNITTMUNUITLANKUUNUFIY (Base Classifier)

A wt fio AINI3UINKAT (Distribution) #3e ANz lu lnediaziluriuans
& val v a - o ° Y v g v

anudululantdeyaszgnidenivesvinisaeulumanisduunyssny doyanly

goudidnuiu N Jaya aanhasdunisdendeyausasfadnuinnisaeususuas

Winiu 1/ N Ansuanias - seatnuuiaziluiagldlunisiuiaiiionisusuuss

N13EaussUUliATY WevnIsUTUUTIAINITUANUINLAT ATayanin1sdnngy

a

Aawann v3eeIndenisdkundsziandayan avUsulgeAInsuanuatitelidoyad
lenagnideninnduiitetiluasnslunanisisewilunalg

A1 he Ao NaANEVRlUAANTITTILUNUTLAMLUUNUE U (Base Classifier) Fa9zuanin
¥ a v |

Joyaniinuneguseinnesls

AN & AB AIMIUNANATN (Error rate)

a, Ao AdUUTEANIANURANATA

exp @ Exponential Function l¥luni1sdgusumuanuasvestoya vilvirfisanin

[y 1 1

TANULANANAUADUTINTALIU

o aa s

[ Aedlandunilideuledn ararieenuinsenueulvvesilandulianduy 1 a1lunsa

suaulylvandu o

nsvhaureInsseuskuuTngulagldienyad anunsaesuiglanad

1.) 91n3U# 2.20 1511nTUR0UN 1 INITUNUAINITUANUINITUAL
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,fori=1,..,N (2.23)

lagfiAn N fia IuIudeyarianum

lunilagimuer1n1suanuas (Distribution) suaulvitudeyanndnldlunsaeuszuy
1 o

e wl == ety ddeyanltlunsasussuuiavan N = 5 daua1ves wl = 1/5

=

Frazgnidiluansusiu lneaszivuamilliiudeyaildlunisaeunndayansgy 2.19

Input 1 Input 2 Input 3 Input 4 Input 5

wi = 1/5 wi = 1/5 wa = 1/5 wi = 1/5 wi = 1/5

§1J1'7i 2.19 MsmuuAIA1 Weight (w)

2) nnduinuslinanisiiouinagldlunsiseusuuusunagy (Ensemble Leaming) lng
TumansSeuivisriauiinaneguuuuey dulidandula (Dedsion Tree) n13aAs 1A UUN
UszLam (Discriminant Analysis) {usiu e muagunuulimanmsseudisauesuwdn aniurh

N1SNMUATIUIULUAANMITIMUNUTZANLUUNUGTY (Base Classifier)

----------- soALIUNT
InpUt — mawiunis

\4 A4 \V4 A4 A4
Base Base Base Base Base
Classifier Classifier Classifier Classifier Classifier

lteration or Base classifier (T) = 5

JUN 2.20 asslumalunisiSeusiuunguanuen Iteration (T) Afvua

Aufiunsiseuses
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3) NM5LSEUSHUUTINNGUAITUYIINITARULULAANITTIUUNUTEIANULUUNUSIY (Base

Classifier) lwnausn (t = 1) Tagldarnisuanuas ( Distribution) Bus fagudl 2.21

""""""" oAU
Input — Mawiiuns

Anfiunsiseuion

training distribution w* = 1/5

L | F--ooTTTTTTTTTTTm e I
I
I
I

\V2 \V2 \V2 \V4
Base Base Base Base Base
Classifier Classifier Classifier Classifier Classifier

lteration or Base classifier (T) =5

JUR 2.21 Busuauliaan sTUNUTBANLUUNUg 1Y

4) Weasluwanisswundsyaniuuiiugiu (Base classifier) i@saisausion azldnaans

= ¥

N1958U3veliean1sILUAUTHIANKUUINEIY (hy) AINUUIINITAILINMIAIAURANATA

(¢,) MAntululmausn Ingldauns 2.24
g = Nieawi I [h(x) # yi] (2.24)

5) U1ANAIURANAIN (£,) LIAIUIMINATENUSEANSANNRANAIN (o) Inelafaunis

(2.25)

NFUNTT 2.25 WBYINNITAILININNANNTT 2.24 NaNoanuIAe ANAIURANANA INNUU
AwnmaduUsEavsanuianan (o) Faduafiuendt nanisiseuinesnuiiniugndes

WINVIegnABatiay agun 2.22
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------------ soANIUNIT

ANaeRLiunng
Input C e e
ALUUNIILIYUIDY
1 B I 1
1 1 1 1
1 1 1 1
1 1 1 1
\V4 \4 A4 A4
Base Base Base Base Base
Classifier Classifier Classifier Classifier Classifier

A (he),

A (&)

A (ap)

UM 2.22 Andudssdndanuiianaia (a,)

6) oM IAMUINMIAELUIEENSAINURANAIN () SeUSesLaItunaunluAeyinnig
AulaoUSuAdIntn (Weight) Tl laauraidudse@nsninuRanain (@) 11AIUIURIAT

Sinlvalannaunns 2.26
Wl,t"'1 «— Wlt e(_atht(xi)yi) (226)

qun1s 2.26 wiadmitn (with) legdamadwsnisiseuivedunanisdwunyszinan

wuuiugu (hy) auduandivang () auduardudssansainuianain (a,) waldfeidu

2
= v 1

Exponential iayiliifisenunfimuwansnaduegiaiuladn Ao draeenuiginsiniosty
] Yo Yy v c: ° | ] Yo L W P YRS Y] . '
gawvuiuladn drAdeunsinnavasinuneguiulatauiu Welaaunin (Weight) lul

dwsuihluldlunsiSeuiuasneaeulinaniswunussnnuuuiiugudall fsgu 2.23
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------------ ERIRRIgH

t+1

update distribution W; A&asdunis
Input oAy
ANUUNIILIYUIDY
L5 2 1
1 1 1 1
1 1 1 1
1 1 1 1
\4 \'4 \"4 \4
Base Base Base Base Base
Classifier Classifier Classifier Classifier Classifier

A (he),

A (&)

A (ag)

Ul 2.23 Uudssdnimin (Weight)

diovinsusuugerdamin (Weight) seues Nagvinnasthtoyanusulsaaninninugda

wwihnsaeulunan1sIkuAUTELANLUUTIug i lUAssU 2.24
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----------- ERIRRIeH
Input oo o o
e | TR LU UN T
fufiunsiseuses
training new distribution w, (x)
""""""""""" B I |
1 1 1
1 1 1
1 1 1
A4 A4 \'4
Base Base Base Base Base
Classifier Classifier Classifier Classifier Classifier

A1 (hy),

A (&)

A (ap)

5UN 2.24 goulumanisTuunyszinniuuiugudall

M1N158ulEAaN15TUUNUSEANRUUNUFIUT 2 Tagviniudunsuifeliulunanis

UNUTLANHUUNUF UL ININIUATUAINTILILLNANTT LN Y TEANUUUNUF U AUA

7) Werinsadlunan1sTwunUsen i uuiugiy (Base Classifier) #uA19In1Aug

dn( a k4 L en.l/ o v 6 a b ! ¥
YUNNIYUTBYLSI IMNUUNINTITRINAANT (Output) VALY UIHUUITINNGU Tagldaunns 2.27

1, if Ylqache(x) =0, (2.27)
—1, otherwise '

Fx) = {

= o U s a 2/ 1 o 1 U s
INANNITA 2.27 NITMHATHTVRINTTEUTUUUTINNGY (F(x)) aginAmWadnsnis

Seudvedluinan1siunussniuuiugu (he) wasArduusednsanuianain (a,) dnnuiu
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WBVINAANS hazvinN1snsakaululngfNadnsNeanUtAININAINYINTU 0 NTIMUNUTELAT

longu 1 usglussaReulawsnnsduunussinnlangy -1

------------ sOANIUNTT
Input oo o -
e I 1ANA I UUNTT
Auflunsiseuies
\ y y
Base Base Base Base Base
Classifier Classifier Classifier Classifier Classifier
\ V% N
ﬂlr] (ht)' ﬂlr] (ht)l V’h (ht)' Wh (ht)' ?’h (ht)'
A1 (&) A (&) A (&) A (&) A (&)
\ \%
M (ag) GRR () M (ap) A (ap) M (@)
vV
Voting
Output
JUN 2.25 Tupaumsviuvensseuiiuuniungulagldieniyan
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2.8 MULNNYIVD9

Ensemble Data Classification Based on Decision Tree, Artificial Neuron

network and Support Vector Machine Optimized by Genetic Algorithm [19]

miAdeiithiauenslilunanssuuntssinndeyaindilunisdangudoyavesnis
Fuarane Tagldnssuunussandeyanainuaisysson warlumuideildvssgndldmagoud
LUUTINGH (Ensemble leaming) Alflaunanisduundssandeyauuudulisnaula sinns
Wiguigurauszdnsainainugnaestunisdtuundsziandeyadnassgiuuune lasene
Uszamifivu (Artificial - Neuron  network)  Lagdunainnmosuusdu (Support  Vector
machine) @3UHANINARDIDBANIIT N1TEBUTIVUTINAGY vIuiuszana nnin8naasiuy
uaUsEANEAmANLgnAesTianTnauitetliinlitieuAnfiazinnssuunyssuandeyaun
PaglunissunUszamdeyatdsuazyinsiUiouliisuussansamitomnissuunussian

ToyaniiuseaniamlunisdnUszinnvesdoeyaidesnanan wazlinausednsamigenan

A Visual Activity Detection Method with Adaboosting [20]

(%
aov A o

NIt auensil NISEUsLULTINNGY (Ensemble Learning) wuszandldlunis
o a a N | a o o < = 1 = % v a 1
LAATNAINIURNUINMIDNNTOIUIUNUIN LAEVINNITIUIUMBUTEMINNLEENNUAITIEIUIHRUIND

filondeyaiinsafunield Fuanvinisaeusesuumeteyadesnliiivoyasuniuidngnis

'
a =

Seuduuuniungy teyadnyanivziludeyaiflenfiauyn ntuihmstmuaeaialunisaen

q

Toyalinseiu Maveyaideanazinle 1evinn13aeunsiseusLuUUTINgU Yinsnaaeulagns
Iddeyainlelunimaaeuszuu lnewiisludiuvesnudnuagiailou (Virtual Feature) 193197
o I a A aal d o Y 1Y) A o

inseusuiUnludale Ae vinnisinesmvesnisudulin ievinisulaniunung JUkUY
Unvudnuazuuull ssvesuiinuassuiuineduesminlag wariitezls vnisiiua

aarvaensvdulnasumiu thaluinsmegeuszuudiudeyainle 1nuani1saasinsly

Y
AuANwugLailou (Virtual Feature) WWuvheusiudunsiseuswuumiungy vinlieiainu
Hawana (Error rate) lumsnaaeuanasannsnageuteyainlelagldnisiseuiuuuwuuuni
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3.1 JunaUNIIAIENYaYA

v Y -ﬂgj 1 = a ¥ ¥ = ¥ = ¥ 1
deinanfnmswivudeys Ussinnvestoyaides uaznisuuasdeyaidediied Tu
sUuuuday  (Numerical Format) iiieiildaislumamsiiou  uaznisnaaeulung
& = v [ & v v = .
TunaunseseNteyauUnty 3 Tumau laun nssIuTiudeyaides (Data collection) N3
a £ = v a . gj a 4
wissudayaides n1sulasleyaides (Data Transformation) lagdumeuveinisinisudaya

waneRasy 3.2

JUABUNISLATENTDUA

MNITIVTINTDYALFEA

y

a ¥ =
NILAIYNUVDUALEF

\

14 =
ﬂ?iLLUﬁQ‘UEJ;JUaLﬁEN

@

Joyaduslidnrouassinge Toyaidesliidadouassinsie

Tugduuudayanm TusUuuudoyadaay

\4

nsadslumadniundsziandeyaides

¥
1Y

UM 3.2 Yunauniswisudoya
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3.1.1 MInuswtayaides

Tudupounsnusndeyadesldvaniueyaszidoyadoaaniwilng
(Thai speech corpus) nvesufuRnmsalideweluladides gudmalulagdidnnsetinduay
ADNNILADIUWIANA (Speech and Audio Technology Laboratory , National Electronics
and Computer Technology Center) Jayadssanasglusuwuulvld .wav Falruaziden

dedaa uagliinisdnudas anvuinvesdoyaidus viseauavidunvastayades (Bit rate)

a [

o § va o = Ao v 8 a & 2 o
V]']IV@J@ZUQ']‘W LLAEAITUYALIUYDILAYING Imamﬂu%%aLaENﬁ,JLuaWLUULaENQWU& VT1UIU

o

al

nilsny yan1winglunnegiesilevainliiidessuniuainnieuaniazseudie teaya

Iasududeyadesiimnuenvesdeyaliduiuen 1w 5, 10, 15 wiil iusiu

3.1.2 nseteutayaldes

124 a Q‘ % g-JI al = 1 ¥ & ¥

Toyaidsenlauivuiaiiugnvendssluwnazdoys visaingludeya
= AM 11 o = o [ % v = = A b Y a !
ISHN ‘V]VL@JLV]']ﬂu f\]\‘immiﬁlmmﬂﬂmmmwawayjaLamummmmm?mmumu fﬂLﬂ@lﬂJ
° vy a )~ A 1o ° Y a a o v v v °
quﬁm@%al’ﬁﬂﬂulﬂaqﬂL‘Vl']ﬂuf\]gWWiﬂLﬂ@ﬂi}JjﬂqLiaﬂﬂqiuqLGU’]GUE)J.Dla LWNS1ZRDININTTLUAS

Joyaidedlieglusuuuutayaiiay (Numerical Format) vivliainugivesteyamiiadl

s

ANg LI AU Ry Tudnednusd Y1lusensy Adobe Audition CS U1¥89AN1S

1% =

Joyaidesliliaueniminiy waglalilusunsy Adobe Audition CS lunisinSeudayaidean

Y

finsdnsaldusiediu UM 3.3 Ae fregremsiveyaidsudinaeglulusunsy Adobe

Audition CS
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5U# 3.3 Muideyaideadilusunsy Adobe Audition

Pntwhnisanteyadeslfindedeyany 3 Junfl nszdeyadesanimeniiu 3
Juit Wevhmsudasdudeyadnavaziimuenvesdwiunedid (Column) druausnn i
TiaTestielunismaaedldinanuiu Hariwadn ifiunissusaaiosdelunisvaass Jsan
ANNENITRsURNATEIMEAD 3 TN AIREINTY 1 WITl IIUIUABSNSTI 100,000 AR
iieanmszueueieslenlilunsnagey Fuinnmsandeyadeanie 3 3undl aodutiivaed
517 15,000 AodNY Liwiﬁv‘hmimaaﬁauﬂaLﬁmﬁﬁmmmammd'} 3 U9 WvinalnaiAea
ufudeyaides 3 Junfitadendoyaides 3 dundiunldlunisasuuasnnaoy 1eviinisan
Toyaidsauazyinistuiindneauaden 6000 Hz fagladeyadssiiuiu 1 Joyades vin
peeIsHauldtoyaideansy Sy 450 deyaidos Ae Tilunsaouszuu 300 doya was
nadeu 150 Toya nsaouuaznaaeuazlimdnns Holdout Method FaifiuAslumaiianis

SyusveATesluNNTARULAE NAREUNTLIEUTUBILATEN

A %% a a1 U 1 & v a ] o o a v
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Abstract— Detecting edited audios is the challenge problem
that can help forensic scientists to separate genuine, unedited
recording from edited recordings. This paper proposes the
technique for detecting edited audios using ensemble learning.
This problem can be considered as two-class classification
problem which audio data are classified into two classes
including edited and unedited audios. The performance of the
proposed model is compared to Support Vector Machine, Naive
Bayes, Radial Basis Function Neural Network, and Probabilistic
Neural Networks. The experimental results demonstrate that the
proposed model is appropriated for detecting the edited audios.

Keywords- Boosting Ensemble; Adaboost; Support
Vector Machine; SVM; Classification; Audio; Naive
Bayes;

|. INTRODUCTION

Currently, the computers can learn to recognize some
useful data in order to classify them into classes. Machine
learning techniques are widely used in various ways to teach
the systems to improve its accuracy and efficiency. Machine
learning method has been used in many ways but most
commonly used of this system is classifications. There are
many classification problems that can be solved by using
machine learning. For example, the data for female
characteristics can be skin, hair or age. These characteristic
data can be classified into white skin, long or short hair, or
colored skin. It depend upon how the system learns. There are
three types of learning algorithms including supervised
learning, reinforcement learning, and unsupervised learning.
Supervised learning will be mentioned and tested in this paper.
There are a lot of learning algorithms for classification
problems such as support vector machine (SVM) [1], Naive
Bayes, decision trees, artificial neural networks, and so on.
SVM s one of supervised learning algorithms in machine
learning. SVM is widely applied to solve classification
problems. For example, SVM has been used for fraud detection
by classifying the customers into two primary classes. SVM
has also been used in security purposes [3], it can improve the
encrypted algorithm by adopting the algorithm as a hash
algorithm for data encryption before sending the data to secure
the data from being stolen. Additionally, another research have
used SVM to locate the Wi-Fi signal [4] and check the distance
of the signal source to remember it and use it for better Wi-Fi
efficiency used in the next time. Naive Bayes is another
supervised learning algorithm that have been used to classify
the data on websites and programs [5] to improve GPU
(Graphic Processing Unit) and CPU (Central Processing Unit)
efficiency. This algorithm can be applied to classify Twitter

978-1-4799-6049-1/15/$31.00 ©2015 IEEE

data [6] and other social media data. Boosting Ensemble
(Decision Tree) algorithm has been used for data stream [8]
management. The algorithm will classify data before sending
through the data stream in order to make the data transferring
faster and more efficient. Moreover, Boosting Ensemble has
been used for protein gene data classification [9] to improve
the efficiency and accuracy of the classification results. In this
research, two algorithms in neural network are used which are
probabilistic neural network [10] and radial basis function
neural network (RBFNN). These algorithms can be used to
classify, analyze and predict the data. M.R. Mosavi applied
radial basis neural network algorithm to improve GPS (Global
Positioning System) [12] locating. The system will be taught to
locate the GPS faster and more accurate in order to improve its
efficiency. Many researches have applied Adaboost for
classification problems. In image processing, Adaboost has
been used for deciding the gender from any image [13]. In
visual activity detection, Adaboost has been used for analyzing
the movement of the lips to predict the words [14]. Moreover,
Adaboost has been applied for locating eyes in the image [15].
In the cloud computing application, Adaboost and image
processing have been used for face detection in Android phone
in order to connect with the cloud computing to unlock the
phone if it is the face of the owner [16]. In the network
security, Adaboost has been applied to learn log files from
network attacking and identifying attacking types [17]. Sumei
Liang and Xinhua Fan’s [18] applied SVM and Naive Bayes to
the audio content classification. Tetsuya Takiguchi [19] applied
Adaboost to learn and investigate the video data whether they
were modified or not by using voice recognition and face
detection.

In this research, we apply the ensemble learning algorithm
to detect the edited audios. The performance of the proposed
model will be compared to Support Vector Machine, Naive
Bayes, Probabilistic Neural Network, and Radial Basis Neural
Network. The audio data used in this research is the talking
without any outside noises. The data will be categorized into
two types which are unedited audios and edited audios. All
algorithms will be conducted using MATLAB software.

Il. ENSEMBLE LEARNING

Ensemble learning is the learning algorithm which multiple
models are combined to solve a particular problem. It is widely
used to improve the performance of a classification model. The
ensemble classifier is obtained by combining diverse
classification models. In this research we adopt the ensemble
learning algorithm to classify the sound clips into unedited and
edited sound clips. The ensemble classifier used in this paper is



an ensemble of decision tree classifiers. In this paper, we apply
the boosting algorithm to build ensembles of decision trees. In
addition, we apply Adaboost algorithm to build the ensemble
classifier. Given X = {(xy,y1), (X2, ¥2), ... , (xy,Vn)} be a set
of N training data wherey; € {—1,4+1}. The algorithm of
Adaboost is demonstrated as follows.

Adaboost Algorithm

1. Initially assign uniform weights w, (i) = 1/N
2. For each iteration k

3. train a base classifier h; (x) using weights w;
4 calculate the error rate

&= ) we@Ilhe(e) # i)

5. calculate the weight of the classifier hy (x) :
_ 1 l 1 - gk
ay = > 0g e

6. update weights
Wiep1 (D) = wi(Dexp(—agI[h(x:) = ¥;])
and then normalize weights
7. The final classifier H(x) = sign(}, aihi(x))

The function [-] is the indication function which outputs 1
if the inner expression is true and -1 otherwise.

1. EXPERIMENT AND RESULTS

In this paper, we propose the model for detecting the edited
audios using ensemble learning algorithm. For the experiment,
the performance of the proposed model is compared to support
vector machine (SVM), Naive Bayes, probabilistic neural
network (PNN), and radial basis function neural network
(RBFNN). The data set used in this experiment is sound clips
provided by Thai Speech Corpus, Speech and Audio
Technology Laboratory, National Electronics and Computer
Technology Center Thailand. The conversations in the sound
clips are in Thai language and were record in the silent room
without noises. All experiments are conducted using MATLAB
software.

A. Sound Data Preparation

The input data of all algorithms used in this paper must be
in the numeric format. Therefore, these data are transferred
from .wav format to numerical format in order to feed into
all learning algorithms. The wav file format is used because
its quality is not compressed. The inputs of all learning
algorithms must be the vectors with the same dimensions.
However, the sound data length in each clip is not the same
and they are in 32 bits rate. Therefore, these data need to be
modified to make the dimensions equally and the bits rate is
also decreased in order to reduce the dimensions of the input
data. The data used in the experiment are categorized into
two groups which are unedited sound data and edited sound
data. In unedited sound data, each clip is cut into 3 minutes.
In addition, the bit rate of the data is decreased from 32 to 8
bit rate in order to reduce the dimensions of these data. In
the training set, there are 300 unedited sound clip were

prepared in 8 bits rate. These sound clips are cut and then
are shuffled and rearranged in order to make new 300 edited
clips. Therefore, there are totally 600 sound clips in the
training set. Both unedited and edited sound clips are
transformed from .wav format to numerical format. The
groups of data mentioned above are taught to machine
learning as the target for categorizing the data. The target of
unedited sound data, which is the first group, is assigned as
1 and another is assigned as -1. All sound data and targets is
used to teach all learning algorithms. In the testing set, there
are 300 sound clips which are 150 unedited clips and 150
edited clips.

. Experimental Results

In the experiment, the performance of the proposed
model is evaluated from the testing set and compared with
SVM, Naive Bayes, PNN, and RBFNN. For the proposed
model, Adaboost algorithm is applied to build ensembles of
decision trees. The number of iterations are set as 5, 10, 50,
100, 500 and 1,000. The experimental result is shown in
Figure 1. From the result, when the number of iterations is
increasing, it gives more accurate results. It give the best
accuracy of 100 percent when the number of iterations is
1000.
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Figure 1. Boosting Ensemble Results

For SVM, the kernel function of SVM is radial basis
function. The spread parameters, RBF Sigma, of radial basis
function are set to several values and the value that give the
maximum accuracy is selected. These values are set as 5, 10,
50, 100, 500 and 1,000. From Figure 2, it can be seen that
different values of RBF Sigma can give different accuracies.
Since RBF Sigma values of 5, 10 and 50 give the best
accuracy of 99.67 percent, the value of 50 is selected to
evaluate the performance of SVM.
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Figure 2. The comparative result of RBF Sigma using SVM



For Naive Bayes, the multivariate multinomial distribution
is applied and the kernel smoothing window bandwidth
(KSWidth) parameter is set as 5, 10, 50, 100, 500 and 1,000.
From Figure 3, it can be seen that the different KSWidth
values give the different accuracies. The best accuracy is
97.33 percent at 1000 KSWidth value. Therefore, the
KSWidth value of 1000 is selected to conduct the
experiment. For RBFNN, the spread parameters of radial
basis functions are set as 5, 10, 50, 500 and 1000. The
experimental result for these values is shown in Figure 4.
From this Figure, it can be seen that the spread value of
1000 can give the best accuracy at 53.67 percent. Thus, the
spread value of 1000 is selected to conduct the experiment.
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Figure 3. The comparative result of KSWidth using Naive Bayes
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Figure 4. The comparative result of Spread values using RBFNN

For PNN, the spread parameters of PNN is set the same as
RBFNN. The experimental result is shown in Figure 5.
From Figure 5, it can be seen that the accuracies is not
changed whenever the spread values are changed. It give the
same accuracy. The best accuracy for PNN is 50 percent.
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Figure 5. The comparative result of Spread values using PNN

After the parameter value that give the best result in each
model is selected, the experiments are conducted with these
values. The experimental result is shown in Table 1. Form this
table, it can be seen that the ensemble learning with boosting
ensemble algorithm gives the best accuracy of a 100 percent.
For SVM, the best accuracy comes from the RBF Sigma value
of 50 and the best accuracy is 99.67 percent which is higher
than Naive Bayes, FBRNN and PNN. The best accuracy of
Naive Bayes is 97.33 percent which is higher than FBRNN
and PNN as shown in Table I. The best accuracy of Naive
Bayes comes from the KSWidth value of 1000. From the
experimental result, the accuracies of RBFNN and PNN are
not high so it might not be appropriated for sound data
categorization. The best accuracy of RBFNN is 53.67 percent
which is higher than PNN. This value comes from the Spread
value of 1000. The best accuracy of PNN comes from the
spread value of 1000 and gives the best accuracy at 50
percent. From the experimental result shown in Table 1, it can
be concluded that the proposed model gives the best accuracy
at 100 percent. This result show that the ensemble learning
algorithm is suitable for detecting the edited sound audios. For
further works, we may adopt the algorithm to detecting the
edited sound audios with noises. In addition, the feature
extraction methods should be applied to reduce the dimensions
of the data in order to reduce the computational times.

Table I: The comparative accuracies of all models

Algorithms Accuracy
Ensemble Learning 100.00
SVM 99.67
Naive Bayes 97.33
RBFNN 53.67
PNN 50.00




I\V. CONCLUSION

In this paper, we propose the model to detect the edited
sound audios using ensemble learning. There are 300 unseen
sound clips used to test all models in the experiment. These
clips are divided into two classes which are unedited and edited
sound clips. The performance of the proposed model is
evaluated and compared to Support Vector Machine, Naive
Bayes, Radial Basis Function Neural Network, and
Probabilistic Neural Network. From the experiential result, the
proposed model, Support Vector Machine, and Naive Bayes
give the high accuracy at 100, 99.67, and 97.33, respectively.
So, these algorithms can be applied to detect the edited sound
audios. However, the experimental result shows that the
proposed model gives the best accuracy at 100 percent. This
result can identify that the ensemble learning is appropriated
for classifying sound clips into unedited and edited sound clips
more than Support Vector Machine and Naive Bayes.
Therefore, the proposed model can help forensic scientists to
separate genuine, unedited recording from edited recordings.
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