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Abstract This paper describes a method based on new combined features with mel-frequency cepstrum coefficients
(MFCCs) and rahmonic in order to robustly detect a shouted speech in noisy environments. MFCCs collectively
make up mel-frequency cepstrum, and rahmonic shows a subharmonic of fundamental frequency in the cepstrum
domain. In our previous method, Gaussian mixture models (GMM) is constructed with the proposed features ex-
tracted from training data which includes a lot of normal and shouted speech samples. In this paper, evaluation
experiments of noisy shouted speech detection were conducted using not only GMM but also hidden Markov models
(HMM) and deep neural network (DNN). The results show that MFCCs and rahmonic were effective for represent-
ing an utterance mechanism including both vocal tract and vocal cords. In addition, DNN could achieve higher
performance in noisy environments than GMM and HMM.
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BENTWS., ZOMERRRT D712, JEFEIEA AT TH
HIU 7B GIE RN~ 1 7 a kv TR L 72 F S & BE
HEEMIET 27 e —FBREHINT WS [3]~[5]. RiZH
AT DRHADRNERZ 5 N5 FHERZBITORIEY XA T LI
T sZeT, EREFROMMMREZRENCH EIESN
LelificEs.

HEHME o TREHRBEMRATEIFELLT, INET
WWHEHENAREFETHIWOFEZMILT 2 FEIHE CRE
ENTER[6]~[9. LrL, INoDFEITITRETHFNACHE
fliBRED SNRICKELKFT 2L VWHMEM DTz, ZD
&5 BB RIS 272007 T —FL LT, ANT TR
;7 L (Mel-frequency cepstral coefficients: MFCC) (25D
WTHESE L 72 GMM (Gaussian Mixture Model) % fH\2%F
H0],[11] b v, BERE N OEBICMOEZMRIETE S Z
EDVHEINTVD. ANVTTAMNT LFEHEORKFEEDH
THRICA B E BRI RE L TWED, T2 THICHNE
HRICBE D 2 EFERHEZ R LB S OFREZSNTHZ L
T OFERERED M AR T E 5.

F 1k, TN FTIZ Rahmonic & X 2 FA B DK
B PO FEREIC A TH D Z e 2 SIZL, REkD A
WIr7A NS LEPRALRP ST E 2T 2 AiEEEREL
72[12]. ZOFETHE, KEOFEHEF EWOHENSHIE L7
AN T AN T L& Rahmonic (23D WTHEE L 72 GMM %
HOWTHOFE 2 LT\, AT, RIECHWS 58
TV % GMM 7217 T7%<, HMM (Hidden Markov Model) *
DNN (Deep Neural Network) IZHiEL, TNWEhDOFEET
W U CTRE BRI N2 B 1 2 OE OB EEE % FEli$ 5.

2. Rahmonic & XV A NS LEBW-M
UERH

2.1 BEBHE (XU TR NS L - Rahmonic)

Fex i, T FE TIZ Rahmonic & ANVT TA T L% AW
MO HEZRIRE U [12]. AVT TA LT A0, AFOBE
HEMAZERBLZT7 7A NS LMRETH Y, SHEBEMTIEEH
ERFET D -OOFE/RMEL LTHYSNT WS [13]. — /4
Rahmonic 1%, FEARJERBOEFIRE S TH D, ABOHEFE
L DR ERET 5 [14]. 2UT, MR [12] 2BV
T, IhoDEFRHEEIEHE R LM OFE TRRD Z LA
HEINTWA.
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Rahmonic & ANV TA N L2 HWTEEET N EWET 5.
RIZ, BRI ERIE TSR U 7281l & 7 »* 5 Rahmonic & X
NI TANT LEMHL, INSOEFRBEEFE L 5%
EF IV EHOCTBINE R &2 L mE L OHE O W T a8
5.

REEFEIIETEETNE LT GMM 2HHALTWS Y, KRiE
TIRUMOEBREIZHW 2 HEE TV %2HERD Gaussian Mixture
Model (GMM) #*5 Hidden Markov Model (HMM) % Deep
Neural Network (DNN) IZHEBRU T, ZhEhD E#ETIL
PO FEMIEIZ G 2 282 6T 2. GMM B F= 12k
T 5N R T RS EE W TUOREEET IMEL T WS,
HMM & FREEOKRMA 2 RETE L2 EHET IV TH
D, WO & AR TR T XL — ORFHZE
FAFERDZ L (15 75, HMM Z2H\W5 Z & THHEMED
RFEHGE £ BT 2 2 & TIOFERIE OMEREI S IR T E 5.
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Training data | Female speaker: 400 samples
Male speaker: 400 samples
Testing data | Female speaker: 100 samples
Male speaker: 100 samples
Sampling 16 kHz / 16 bit
Acoustic 12 orders MFCC
feature 12 orders AMFCC
1 order Rahmonic
Acoustic 1. GMM
model 2. HMM (3 states)
3. DNN
Noise White noise, Speech bubble [18]
SNR 0, 10, 20, co dB
Frame length | 25 ms (Hamming window)
Frame shift 10 ms
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UM c AR A i cE s e B2 O N5,

3. T {f 3= B&

3.1 EREH

ARERTIE, 7V —VEF (B 400 HaE) S % 4T
¥ D SNR (oo, 20, 10, 0 dB) THIE L7228 EmE 2 AW
BEKFEDORVF I F 4 a vy ERET I (GMM, 3RED
HMM, DNN) ##$L72. GMM & HMM OEAKI%, 8
|, 2, 4, 8, 16, 32, 64, 128) ZHWTIMi2To7-. £
7= GMM & HMM O#5IZ1Z HTK [16] %, DNN OREHIZIX
Kaldi[17] 2\ 7z. DNN THW 3 & EERHEORE 7 L —
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T, ANVIT T ANTLHEK, Rahmonic HiK, AT AR
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WIZFK 2~3 12 DNN 2 = FaaaR o= (B0 ,
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%2 KMFEHOWAIE (%) (FHEFL : DNN)

Number of SNR=co dB SNR=20 dB SNR=10 dB SNR=0 dB
input frames | M R |[M+R| M R |[M+R| M R |[M+R| M R | M+R
1 frame 92.369.5| 90.5 [94.4|59.4| 93.7 | 925|684 | 91.6 | 90.8 | 87.4 | 92.2
7 frames 95.3 168.0| 95.6 |96.4|65.9| 96.9 | 95.3 | 75.7| 95.7 | 94.2 | 93.4| 95.7
11 frames | 95.1 | 68.6 | 95.7 | 96.5 | 66.6 | 96.8 | 95.5 | 75.7 | 95.8 | 96.4 | 94.9 | 95.5
*M: MFCCs, R: Rahmonic, M+R: MFCCs and Rahmonic
%3 BHAHOMIIK (%] (HHEFL : DNN)
Number of SNR=co dB SNR=20 dB SNR=10 dB SNR=0 dB
input frames | M R |[M+R | M R |[M+R | M R |[M+R| M R | M+R
1 frame 84.9173.7] 934 |90.5|704 | 94.8 |90.3|73.8| 94.3 |82.7|61.7| 87.1
7 frames 89.4|180.7| 95.1 | 93.8|79.1| 96.1 |93.3|80.9| 95.7 |87.5|54.9 | 92.2
11 frames |91.2|81.3 | 94.5 | 94.5|80.1 | 96.0 | 94.1 | 80.7 | 96.1 | 88.6 | 53.4 | 91.5

*M: MFCCs, R: Rahmonic, M+R: MFCCs and Rahmonic

AL T DNN 2#5 L7256, AtME (SNR=0dB) %R
KETORBIIBVWTREBAEIEP 72, ZOHENSE
FERE (AR e FERE) 22N TENANLT TR T A
¢ Rahmonic Z FHHWTHIR IS REFHTETWHRLEEFEZONS.
ZUCTHEBET VI LORRICERT 2L, GMM » HMM
ZHWTEEAIERIE AT 90 %% FE- 7201 LT, A
AN Z 4k Rahmonic % LT DNN %28 L 72560
SEYFANE D 95 LA E&EK L 7. Thid DNN 28 GMM *»
HMM & HER U CTHER O % 213 3 IO E B I A 3 7 R
BarESNICHBTE DR EZLONS. MEDZ 2 L&D,
A AN F & Rahmonic (ZEDWTHEE L 72 DNN 2301
UFEMHEICAENTH S Z L 2 ffERTE -

4. B Y I

ARaTlX, Rahmonic & ANV 7T A 5 L%z HWIZIWOE
BEZBWT, FKERROBIIZHND EEET LV EMRD
GMM %5 HMM X DNN ~NMER LT, H2E 7L 0E WAL
O OMIMEREIZ 5 2 208 2 i L 7-. FEEER LD, Yo
BEE TN EHWEETH Rahmonic E XANVT TA NS L%
BT TEVWILOFEREEREEZERT SN TEL
T 5 IO ERIICE S R B T % DNN %
FIWB Z & THEY OFEF SNR IZBIFRZ < 90 %BA LD up O
Bt gE & 2k U 7z 1z, fEka GMM ® HMM & b £ 100
HOMBMERENRE L. 5%, FREE2MEL CHHFZY
T BELHIE AT B BRES T OO M 3R B 0 fLE 3
Thb.
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