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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).

3. Ogboog

gobodoooobooooboooooobooooooo
goboooooboooooboooboooobooooobooooooo
gboboooobooboooobooboooboobooobooooo 2
goboboooooboooobooboo0ooooooboooooDoo
oobo200000000 20000000000000 40
x400O000O0O0O 40000000000000CCD00OO
gsibboOooboooobooooooooobooooooo
oooooooooooooooooooooboObObobooo
oooa

3.1 0OoOOoono

goooooooooooooooooooooobooooo
gobooobooooobooooooooobooobooooooo
goboooobooooooooboooobooooobooooooo
gobboooooooooobobooooboooo

0oooooooooo (/00000000 m(t,f)O
oooo e f)ooooooooon

m(t, f) = \/di(t, [)> + dy (. f)? 3)
o, f) = tan*l—fif ((tt JJ:)) (4)

df(tvf):I(t+17f)_1(t_17f)
df(tvf):I(tvf+1)_j(taf_1)

()

0000I(, f)0000000000000000 (4 f)0
0000000000000000000000000000
m(t,f)000000000000000000000000

I, B



0000000000 200000000000000000
0000000000000000000000000000
0000000000000000000000000000
00000000000000000

3.2 000000000000

00000D000000000000000000000
2000000000000000004x400000000
000000000000000000000000000 A
00000000000000 m(t, f)00000 6(¢, f)00
0000000000000

ho =Y Y Ga,y,0)0 m(z,y)08]6',0(x, y)] (6)
Ty
hy036000000450000 800000000000
00oo0oUooo (ry)DOODDODOOUDDODOOODOODOO
oooooo0ooG(z,y,o)00000000O0OO0OOOO
oooo0ooooooUooooooo0 m(z,y)DO0ODOOO
00000060 Kronecker HO0OD0OOO0OOOOOOO 0(x,y)
000000 ¢ 0000000 1000000004000
00000000000 800 x4=32000000000
gobobooooooooooooo
3.3 UO0O0OO0Oooo
gobboooooooooooooooooooooooo
gobooooooooooobooooboocooooooooo
ooooo0oooOo0o000 XoboOooooooooooooo
0-oobooooboooooooo sobooobooboooon
00000000 XO0O0o@x40O0Oooooooooooo
O000)x@UOO00D000=260000000000

3.4 00OO0OO0OOO
oooooooooooboobooobooo40000000
goboocooooooooobooobooooobooooooo

§ ﬁ N Local feature descriptor
5] ’ B
3 | |
g | s
- = Gradient-based feature
NEE vector X
1 1" y 1 |
TR
1 L
! | \@
‘ || Size of the vector is
] H 32(8x4)xN (number of
"I | descriptors at each frame)
—_—
Time

03 000O0000000000o0o0oooooooooooooon

og.
Fig.3 Gradient-based feature vector obtained by packing the lo-

cal feature descriptors at a frame.
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Fig.4 Flow of the proposed feature extraction.
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Fig.5 Result of phoneme recognition as a function of the number

of feature dimensions after PCA.
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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 | 354
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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
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Table 3 Results of speaker dependent phoneme recognition by
feature integration for clean speach.
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Fig.6 Results of speaker dependent phoneme recognition by fea-

ture integration for noisy speech.

90 - OMFCC+AMFCC
8&82.8 83.6

80 1 | O Proposed(50dim)+
% 70 1 | .- MFCC
oe0 -1 | W | B Proposed(50dim)+
® 471 489 495 MFCC+AMFCC
50 - | .- T
.°
2 40 -
S 31.2 324
:‘c;" 30 | 295
o
o 20 -

10

0

Clean Restaurant Street
SNR

07 oboOOoOoO0OoooOOO0OO0OoooOOOOoOboOoOOOOOoooOn.

Fig.7 Results of speaker dependent phoneme recognition by fea-

ture integration for noisy speech.
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