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Advance in Recorder Recognition for Audio Forensics

Bao Yonggiang, Liang Ruiyu, Wang Qingyun
(School of Communication Engineering, Nanjing Institute of Technology,Nanjing, 211167, China)

Abstract: Extracting the characteristics of recording devices from audio signals is a frontier in judicial
comparative research and audio forensics. As a research hotspot of audio forensics, recorder recognition
technology is disturbed by environment, semantics, speaker and other factors. This paper introduces the
development, basic theory and structure of recording equipment research. Especially, the research status
of non-speech segment detection, feature parameters, recognition model and database construction is in-
troduced and analyzed. Finally, the shortcomings and prospects of recorder identification are discussed.
It is considered that the next stage should focus on how to speed up the database construction and the ap-
plication of deep learning in recorder recognition.

Key words: audio forensics; recorder recognition; feature extraction; database construction
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Fig. 1 The models for recorder recognition

bl

FHE WA RBIVERE . 53— J7 35 E AR S I 5 R B PR A U S AR MEREAT X ) W T
R AE N SO 3 B AT M A RO R AR Be. dE TR & BOR I AE 35 5 A5 5 Ak S AR 3L s 5 A U
(Voice activity detection. VAD) o X 1% & BE A i) W 75 55 B 70 o 3 A9 A B0 D77 ki 2 DL AR 38 o BE O 2%
WEREAT FE NG T o DRI s 7 53 B A U P o — B RUX AR 5 T A Ak B 4R URRAE S 8

FE T & B DU — 8 445 23 WL IR I8 A T A R AIE B B i ) TR A A B S AN B B AN IR 2 R .
HTESGFESNENRBRESRE, — Bl N & 20~30 ms, 7 W5 5 W5 5 40 F) B 2 A & 40 B R 3 &
WG S R — B LL 256,512, 1 024 g K — W0 AH 4B W2 A A & . 7] LAA 2526.50%6. 75003 3
MHEE B R, TOUUE I 35 B SR Y o 3 90 0 45 B AR AR A M

AR b || B || SR | b e |-

B2 AR & B A R AR

Fig. 2 The basic process of endpoint detection
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Fig. 3 Fourier coefficient extraction method




BARE F FREFTRFTRERANFRER 783

XF T A B E U S 4 BRI CED K43 B 256 F1 2 048 HEFT 40t i 5 it 22 1] AS 8 & L X F i n=256,
HITERX R K ¢€ {0.01, 0.025, 0.05, 0.1, 0.2, 0.225, 0.25, 0.5, 1} ;% F WK n=2 048, HI TRy 1€
{0.01, 0.025, 0.05, 0.1, 0.25, 0.35, 0.4, 0.5, 1}, X T3 ] FRA(E -5 HEA T B A2 a0t Sk HE D7 18 L4
iy WEKA “# ] R RAE S 4. WEKA & —FhBLas 27 > 530 1208 SCESE T H A I FNR Bayes. ¥ 41k /Mb
Ak % £ 18] B ML (Sequential minimal optimization-support vector machine, SMO-SVM) | Logistic [A] ]9 |
JA8 PSR (K it A8 (K=1.2) 0 REE A5 r Ik o IIERR R ol UARTG LR 4538 -

(D BRI RRAETTIR ¢ AR ZEHTE 0.25~0.4 Z[H],

(2) R K WIS (n=2 048) ¥ B8 43 S 533 19 1E 1 1R 28 A i 2R HE ) : Logistic [711H SMO-SVM
K&T 1 miEMAR>K ST 2 BIE4APH L J48 IR M F R Bayes, Logistic [ 15 51 2 & & , 7] ik
93.5% ; SMO-SVM, A ik 90. 6 %0 ; ¥ % Bayes PERg I 2% . ik 46. 9%,

(3) 4R FH J i B (n=256) 4% B8 43 28 5509 1 1E 1 1R % DA 3 B HE T « Logistic BIIH> K 8 F 1 &%
IR > KT 2 Jif WAL SMO-SVM>]48 Jeifiif = fh3 Bayes. Logistic [a] 9 U F &5 i ]
ik 90. 6% ; K=1 fe it 4B 5 ik H UK, il 3k 87. 1% ; kb Bayes PEfigf 22 .15 40. 5% . SMO-SVM 52 i £ 1y
S MAAR K, A TS 55 J48 PSRBT P REAE 2 L Ho At JUAD 3 2 B 2 i S oA K
3.2 FiIEFERINFEMLIT

T GG AL T AT 28 g Ak T A A A T P RS i 1T B Y 28 MRS Al 0 R A L TR TS S
5L BURAS  TE  EBE S B AR O s R 8 B AR AR A . (H R I B A B R AR Y
R AT IR F42 T InAUR 8175 A0 Welch 35, 235 1 3% il 28 0935 7 A0 43 95 2R BUARIEAd oF 57 2
FHETF W E AR, 0 S EE R CH B3 (Auto regressive, AR) A 18 3 F ¥ (Moving aver-
age, MA)Y R R | H [0 1318 3/ °F #) (Auto regressive moving average, ARMA) #5 %Y 45 F1 JE 2 0 A (i /D
05 2. 2155 425 (Multiple signal classification, MUSIC) B:45)

XFAE GG B B RS 4G TR A A S § B E R A R B HE BR AR AL o S B0E
R B R SR I SEBR R IO A ] — B AR T RS M A BRI R L AE MR L — AR, 20 i
280 90 AF A% LART - e 7 Ty R I 7 48 E L T VAD B e, B HBF X7 B M SR, 20 i 48 90
AEAR AR L IR R oy SR B RO 4 R FH A e 55X s 8 VAD BP0, 2 Rl 43 by S T e A g e Y
DR BT A ) G AR IR TR R AR B O RS R T 208 1 (15 A
TE #% % (Speech presence probability, SPP) f#) Jy k) &%

(1) 2 F W5 G v H AR 9 U5 14

A EE R VAD HORZEANE MR LR EE N R0 2 AE 3R AR R 75 1 00 F RN S E S i iE &
KYPH R G RE  Hirsch S5 IR F 58T VAD By MRS 38 A 1, 5] ACF 1 B 7 2 T BRI f -
— B} 220 W 75 % R I 5 A SRR kg W TS R A T E AT R R A AR S T URTE AR PEfRE . Mar-
tin S5 A A I P AR IR ) P I P N AR B R R M R T M 20 A AT A R B B R O AR N ) ROk 1
TGRS TR W DR F R NG R R R R G LA A — & W TR & Besl A I 7
N b B 20 W 7 3 R0 Y AR 5 ) 23 3 0 IRCRI A Sy W R A 5 X6 I 1 B MRS T R B o N N
R o BT MR TR G TE R M 0 O R R A 1 i A A X IS B AR TS o B S AT IR RO
REWE A RGE FH T AP AR MR R G B0 . AT AR FH T 5% 8 13 3 RRAE $R B

(2) 2 T W 75 28 W) 4544 1) 7 1%

— BNy PR B B MR A R 3 A T MR RS 3 S A s 2 v KU B R AR A TR A L
VT ) B MR U AR AR 22 AR T R RS R H AR AR TR S 7 AR R VRO R L AN 4 TR . R T MR R 2 ]
SERG I J5 v FE IR B R T R el B — A MR 3 o A [ A S A Y HL A R AR O R A R S



784 HIEREEHLA®E Journal of Data Acquisition and Processing Vol. 33,No. 5, 2018

BP0t P s ) e B A — E A A L T LR S ] P T 2 R R Al

HHME . Yousefian %5 BF 5 T 4 T Me 7 7 2 e 1k 4L 30 . i iﬁ%‘%’?’?-—g-\ -
ok S R 0 AR T B BR8P 5 4 4 R N
T FlOUUAE B R A R U T DR R N
T TR S SR Oy vk E A E OO TR R L A\
B 4P T 75 B4 R IR e LT DL T S B A A [ -
5 F O O T WA 4B R AR T AR = |
(3) i ¥ AEAE M3 1 7 1% FEEA
S A 1 e 7 G MR 7 5 5, Martin 257 BB N
YT A VMR DD S (R T S B R T o
ELR 7 25 B T £ 6 £ 128 Cohen %60 76 B LY |, 3 1t s
S 3 5 A ZE AR P B 0 0 R T R A A 5 38 P 24 W Pl 4 I s ) 22 g B

PR AL 3 T — A /N 58 U 29 75 (Minima controlled Fig. 4 Noise spatial structure model
recursive averaging, MCRA) , 577 H1 A4 15 3 A7 16 30 th I 7] 1 9 Jm AR e 5 de /N RE i 22 LU L OF SR W
S A B A D 5 AR T ) A Dk Bl L 2 vk R R R R R R A S8 AR5 K . Souden ZF UK LY
) 2 50 T8 A BE T e i e VAL LI [ S 24 R 0k A AR S BT i 0 MR R ) SR RE A SRR IR FL6
A S AL IR P R e WA RS B T R A TR A S A U vk DA IR AU EORE B T R O3 AT R AR R R
A LA 00 T s B R AR A 1

3.3 MFCC i & #

VE R i 5 15 5 A LU A R AE S — BN E R RS M 9 MFCC 8] 3135 2 8O X Bt e 75 RE
Jysi T ELAETE U B0 TS AT R R | e RS 0 AR P e R A e i U R 2014
4F, Aggarwal Z0 F ] T RAE FHURRE S0 X5 5 FOR[R)E MEA T UL T 90 70 iy 1%

SIHTFE R B Mel ZI B2 4E 1 000 Hz LLF 5 &A% £ R OCR .1 000 Hz DL B2 HOCR
MFCC {535 S B B WA 5 frn. B 5 o Mel 383 4% 41— BR FH AN B0 12 8 24 09 = MUk B4
41, HARE R 50N M E S,

Siw) Is(fo)l X3 IS0
= s pr D g MelJEy
AL R L i feliEy

MFCCZ# DCTA B 5

K5 MFCC 3 2 i g 72

Fig.5 MFCC cepstrum parameter extraction process

MFCC {835 K 22 73 B35 4% 27 A =42 5 09 A PR R AL 3 75 O 18 35 28 U0 A9 8 AE 2 80 1 (0886 4 3 3 4
ik A A FFAE 1L A BEAR G AL SR 3 B AR AL R B R .
3.4 RRAZMEEE

1990 4F . Hermansky 5548 tH 1M ZR PERFAE S 80 AR AE - B F N -3 R0 L 45 il 28 55 W7 58
FEPE R T B ]9 4 A R R R B T B 15 5 A - Vachhani 207 78 R R 1 AR T PLPCCL RAS-
TA-PLPCC 2B A6 15 UM BEIE AU 15 & 43 &1 55 ST A3 20 17 2 AT Daly 4A 0 PLP &
RS MFCC PEREA Y . B A TN 6 Frzn . [ 6 v Ay il 5L 20 B o X o 5 5 il 5 Bark B



BARE F FREFTRFTRERANFRER 785

5 Y - pr T TR

G5 [ mw o DFIER— Be — U [ nE ]

533 i
P S S R ol | wrreg | BEWE

& 6 PLP $ it 7
Fig.6 PLP extraction process

g 2L CRF A N B 380 1 i 58485 ) 1) i s B A 0 A
3.5 REHLIEHRIE

2012 4, Panagakis %5 SR FI BB AL 1% B8 Pk (RSFs) VE Jy [ 5 i, i 2 A5URRAE 2 80 SR 4R B 325 4 2 401E
Ay s L 4 28 % i A S0l i LLHDB g 2R L U A6 3% 95. 5506 8 T 23 4k MFCC S 4.
RSF 15 e AT 7 - ¥ S5 3R A5 5 U0 5 0 I D) 30 33, I 2R A7 I [ 4 SF 24 4045 7 249 2 40 L AR T O
ARRF- 2 2 0 4 2 i 3 5 BB LB B8 T 3R A 5 S 5 10 RSFs 240

| | ] NEECTANET : IEATh | RSE
Ee— M FET hA B A T HisEHE [t

K7 RSFs {& 1l 2

Fig.7 RSFs extraction process

21 R ILR AT 3 Bl A 28 4%, 43 il R SZ 4% ) & ML (Support vector machine, SVM) |\ #i B & 7R 43 25 #%
(Sparse representation classifier, SRC) Fl 4 £ % £% ( Neural network, NN), M 1 i r] DL FE H ., [F) 25
B RSFs AR H MFCC 47 K2y 7%,

F1 FHBESEIRBE LR

Tab.1 Comparison of recognition rates between two characteristic parameters

FHIE S B eSS IE#IRAIR/ %
RSFs 325 SRC 95.55
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