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Abstract This paper proposes a novel feature extraction method for speech recognition based on gradient features
on 2-D time-frequency matrix. Widely used MFCC features lack temporal dynamics and delta-MFCC is an indirect
expression of temporal frequency changes. To extract the temporal dynamics more directly, local gradient features
are measured in the region around reference positions. This method was originally proposed as HOG (Histograms
of Oriented Gradients) and applied to human body detection in image recognition. In this paper, we develop it into
gradient-based acoustic features in speech recognition. The proposed feature was evaluated on a phoneme recogni-
tion task and showed the significant improvement for clean speech and even for the noisy speech when combined

with MFCC.
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Fig.1 Mel-scale time-frequency matrix (a) and blurred by bilat-

eral filters (b).
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Fig.2 The local gradient features (left) and weighted orientation
histograms (right and bottom).
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Fig.3 Gradient-based feature vector obtained by packing the lo-

cal feature descriptors at a frame.

32(8x4)xN (number of
descriptors at each frame)

l Short-time Fourier transform l
Time-frequency matrix

2 | Bilateral filtering

J  Smoothed time-frequency matrix
| Local gradient |

Local gradient matrix

| Orientation histogram
X v Gradient-based features
| Phoneme recognition by HMLT'

¥

(_Recognition results )

4 HARERMbON.
Fig.4 Flow of the proposed feature extraction.

R —ARECrETEY. Rl —RESTE LM EELE
&, 747V FEBEORELEERRT S /HICNA
STINTLIVEV Y TRITS. Ric, FiRlbEhiRE—A
BETE - TRERGRCEFERTSRRERD, SRROR
BORAER TARNEEHET 3. BohaREEET
ftL, AALA+ISLLLTEYT. ThER—7L—LAT
LTHICINRS T L THERERS MV X HB5h3.
TMHEERRTIX, 3B HMM ICX > TERSLICETTF—4
ZRONTEREZTV, BRHAT—2CNL TREEESREI
EEITTB.

4. EREWAUKBR

4.1 RB&4&

FUBLEBRT— &3 ATR DFFENT VA B Y b 01~10 D
B%EEE 64 (MHT, MTK, MSH, MHO, MMY, MYD),
i§EE 44 (FKN, FTK, FYM, FKS) OEEF— R
ERBERELELORERALE. #FIC3BAEEST (SNR=x,
10, 0dB) &, SEBUEM L LT, CENSREC-1-C F—&~—
A1) RINFENT VS BHEBERTIE (Street) EZERE
(Restaurant) 2 33T SNR (-5 <SNR< 10dB) T&H
ENTF—2DIFFERIZHERA L. BFEDOT—RIIER
TriYIb ML, BEBIERRTo. BRI 25EH, &
EEOXTHEFT— 43 2578 i, MEASETF—23%Y
THEAL TRV 2578 HOF—22EHA L. SBETIVZ
HMM Z AV, KEE 3, SRBOBERIE, FHERID
BEBOMARERR U2 36 £ Lic. HMM OBl 10 A
DOFPAT—-2ERLTHEALT, BEFEETVELTEE
L, BAREECLOBRIRT— 2252/ L TRIIER
2TV, BECLICHBAREEH L.

EFRESOEACAEBI I V- BRI UGN SER
BRI 16kHz, REEMTHEBER 8kHz (CENSREC-1-C
IKINBE N TV B TF— 2 OFALA B 8kHe THB1H) ,
7L—LIE, ¥7 MERThTNHIC 25ms, 10ms TH3. X
fe, PHFBRCLD, 77—V TEROZORM-FAHEEFE (128

-163 -



s 59 55

88
86

“ — 869
82
80 [ 4
8
16
U

Recognitionrato (36)
S
=

13 2 3 50 100 200
Numbor of dmengions

5 PCA DORyTHIC X 3 EHRBGIBOLES L.
Fig.5 Result of phoneme recognition as a function of the number
of feature dimensions after PCA.
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RRFENRLBOBRIREZR L. £, H5 ORRFED
&EHREL MFCC, AMFCC DiERZHETH L, 2V—VTEF
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ABTHLENEN 5.1, 3.6point DRBNESNTEHH, MFCC,
AMFCC L ERBREENE WL ERS.

Ric, BEFEE 50 JITICER L2 d DI MFCC Z288AaD
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Table 1 Results of speaker dependent phoneme recognition by

single feature.
(%)
SNR clean | 10dB | 0dB
Proposed feature with PCA 50dim | 86.5 | 70.3 | 48.4
MFCC with Power 74.3 | 47.1 | 30.2
AMFCC with Power 75.8 | 57.6 | 35.4

#2 KEBEEESSDYEEEOTHRBFISER.
Table 2 Results of speaker dependent phoneme recognition by
feature integration.

(%)

SNR clean | 10dB | 0dB
Proposed feature (50 dim) + MFCC | 88.7 | 72.3 | 50.3
MFCC + AMFCC with Power 86.6 | 64.3 | 43.9

£ 21TRT. BEFEIC MFCC 2EAAbESBT LT, SNR
it & 59 MFCC+AMFCC & b 4 BV BRBIEAE SNz,
¥, BEFEOXTHELLITE T MFCC LEAADEE
BEDEREERIITRT. TTT, EEFEORTHN 50D
¥ 88.7% L4 b, MFCC+AMFCC & HR, 2.2point DE
MEbh. ¥, BEFE (13 X5T) & MFCC &by
FERICBVTE 87.3% OEFIEHIE SN, MFCC+AMFCC
L HBL T 0.7point ORBHEBENTVS. Th&b, EBRF
i3 AMFCC icltR, BRIROHBICERLTVBT LHD
M3, RO S BREFiEL MFCC Z2EHEbE
FEBOBAEOMMS, M—THVEBRICERTNSWER
LUTR, BT MV ORTRICENTE, BERETORIC
MFCC DF#fhRBMENI <R3 ehEXONS.

#£3 VU—VERERAW:-ERIBIRORKRFEORTHIC L HEE.
Table 3 Results of speaker dependent phoneme recognition by
feature integration for clean speach.
(%)
MFCC+AMFCC 86.6
Proposed(13dim)+MFCC 87.3
Proposed(26dim)+MFCC 88.1
Proposed(39dim)+MFCC 88.5
Proposed(50dim)+MFCC  88.7

4.2.3 EREME T COERMAIER

KO ERBUGEWERAETHERTS edic, EREICT
BECNBEZTEIV-VEFCERBL, BARBRET-
fo. HERRERE, HEERMEIO 2 BEORKT, SNR
(-5 <SNRZ 10dB) TEREFIN/=F— 2 DIFEHIZAV
fe. EF—2H 8kHz THB 1%, FHET—4% 16kHz »
5 8kHz ICH I VYTV VT Ui, HSPERLE. BY
BZH—TCHEALLBA L, FEREEEESEDERES
DEBREREZTNATIK G, K7ICRY. BERFERZPCAT
50 RTICER L IFHBER—THW L &, Z2ER%DH
Tk 42.1% £ &% b, MFCC, AMFCC IclER, #hFh
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Fig.6 Results of speaker dependent phoneme recognition by fea-
ture integration for noisy speech.
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Fig.7 Results of speaker dependent phoneme recognition by fea-
ture integration for noisy speech.
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