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Abstract—This paper proposes a novel feature extraction
method for speech recognition based on gradient features on a 2-
D time-frequency matrix. Widely used MFCC features lack tem-
poral dynamics. In addition, ΔMFCC is an indirect expression of
temporal frequency changes. To extract the temporal dynamics
more directly, we propose local gradient features in an area
around a reference position. The gradient-based features were
originally proposed as HOG (Histograms of Oriented Gradients)
and applied to human body detection in image recognition.
In this paper, we expand the application to include gradient-
based acoustic features in speech recognition. The novel acoustic
features were evaluated on a word-speech recognition task, and
the results showed a significant improvement for clean speech
and even for noisy speech when coupled with MFCC.

I. INTRODUCTION

In speech recognition, MFCC (Mel-Frequency Cepstrum

Coefficient), which is obtained by cosine transformation of

a sub-band mel-frequency spectrum within a short time, is

widely used. Due to the characteristic of a short-time spectrum,

MFCC lacks temporal dynamic features. To overcome this

defect, the regression coefficients of MFCC (ΔMFCC) are

usually utilized [1], but they are an indirect expression of

temporal frequency changes, such as formant transition or

high-frequency plosive.

More direct expression of the temporal frequency changes

will be a geometrical feature on a two-dimensional time-

frequency local area (e.g. [2], [3], [4], [5], [6]). A typical

narrowband magnitude spectrogram of speech displays several

important and well known phenomena [7]. Conventionally, the

acoustic features based on orientation patterns obtained from

the spectrum pattern [8] were proposed, and utilizing these

features improved the word recognition accuracy. We have

proposed a geometrical feature computed within a 3-frame by

3-frequency band local area on the temporal frequency domain

[9], [10]. In the image recognition fields, local features are

commonly employed in a number of real-world applications,

such as object recognition and image retrieval. In recent

research, gradient-based features such as SIFT (Scale Invariant

Feature Transform) [11] or HOG (Histograms of Oriented

Gradients) [12] achieved high recognition performance on

various image tasks. The work presented in this paper applies

a gradient-based feature extraction method like SIFT (or

HOG) to the speech recognition task and demonstrates the

effectiveness of this method. In this paper, the effectiveness of

the proposed features is verified through speech recognition

experiments. To evaluate noise robustness of the proposed

feature, two kinds of noise were added to the clean speech

at -5≤ SNR ≤10 dB.

This paper is organized as follows. In Section 2, an extrac-

tion flow of the gradient-based features for speech recognition

is described. In Section 3, the proposed method is described.

In Section 4, the speech recognition experiment results are

discussed.

II. EXTRACTION FLOW OF GRADIENT-BASED FEATURES

Fig. 1 shows an extraction flow of gradient-based fea-

tures. At first, speech waveforms are converted into the time-

frequency domain using short-time Fourier transformation. At

this point, a time sequence of short-time spectra (frames) is ob-

tained. Next, a bilateral filter is applied to the time-frequency

matrix for removing noise components and smoothing the

spectra. Then local gradients are computed on the area around

the 2-D reference position (time, frequency) obtained by grid

sampling on the smoothed time-frequency matrix, forming

the local gradient matrix. Finally, orientation histograms are

computed on the local gradient matrix, and the gradient-based

feature vector X is obtained.

In speech recognition, phoneme HMMs are first trained

using the gradient-based features. Then, test speech data is

converted into a sequence of gradient-based features, and word

likelihood is computed using the trained phoneme HMMs.
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Fig. 1. Extraction flow of our gradient-based acoustic features



2009 International Symposium on Intelligent Signal Processing and Communication Systems (ISPACS 2009) December 7-9, 2009

– 446 –

III. GRADIENT-BASED FEATURES

A. Bilateral filtering

The spectrogram of the speech signal is composed of mel-

frequency filter-bank outputs after short-time Fourier trans-

form. In order to remove noise components contained in

the spectrogram and to enhance the global changes (such as

formant transition), a bilateral filter [13] was applied, which

smoothed the spectrograms while preserving edges by means

of a non-linear combination of the nearby values of the power

spectrum.

Fig. 2 shows the mel-frequency filter-bank outputs and the

filtered time-frequency matrix of the speech spoken by a

Japanese male speaker under clean conditions.
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(a) Filter-bank outputs (b) After bilateral filtering

Fig. 2. Bilateral filter

B. Local feature descriptor

The local feature descriptor is obtained at the reference

position as the orientation histogram of the local gradient

features computed on the smoothed time-frequency matrix.

1) Local gradient features: We compute local gradient

features on the smoothed time-frequency matrix after bilateral

filtering. Fig. 3 illustrates the local feature gradients. The

gradient magnitudes and orientations are extracted around the

reference position, using the power spectrum of the bilateral
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Fig. 3. Local gradient features in the time-frequency domain

filtered mel-scale time-frequency matrix. At each position

(t, f), the gradient magnitude m(t, f) and orientation θ(t, f)
are computed as follows:

m(t, f) =
√

dt(t, f)2 + df (t, f)2 (1)

θ(t, f) = tan−1
df (t, f)
dt(t, f)

(2){
dt(t, f) = r(t + 1, f) − r(t − 1, f)
df (t, f) = r(t, f + 1) − r(t, f − 1)

(3)

where r(t, f) is the power spectrum at the position (t, f) on

the smoothed time-frequency matrix composed of time t and

frequency f . The gradient magnitudes are weighted by a two-

dimensional Gaussian circular window. (An 8×8 window was

used in this paper.) The purpose of this Gaussian window is

to put less emphasis on gradients that are far from the center.

2) Orientation histogram: The orientation histogram was

calculated from local gradient features in a 4×4 area, where

we divided an 8×8 area into four separate areas as shown

in Fig. 4. Each orientation histogram was calculated from the

gradient magnitude m(t, f) and orientation θ(t, f) as follows:

hl(θ′) =
∑

x

∑
y

m(x, y)δ[θ′, θ(x, y)] (4)

θ′ = {0◦, 45◦, 90◦, 135◦, 180◦, 225◦, 270◦, 315◦} (5)

where (x, y) is a grid point in each (4×4) area, and l = 1, 2, 3,

4 is the index of each area. In this paper, we quantize θ(t, f)
to the 8 discrete orientation levels θ′ as shown in Equation (5).

The δ function in Equation (4) is the Kronecker delta, and it

returns 1 if the quantized θ(x, y) is equal to θ′.

The local feature descriptor was formed as a vector con-

taining the four orientation histograms. In the experiments,

the local feature descriptor was composed of 8 orientations ×
4 areas = 32 elements at each reference position.

Finally, the gradient-based feature vector X was obtained

by packing the local feature descriptors at each frame as

shown in Fig. 5. In our experiments, we calculated 64 mel-

frequency bands, and eight reference positions were set at each

frame by grid sampling (without overlap areas). Therefore, the

number of dimensions of the vector X is 256 (32 elements

× 8 descriptors). Because this is so high, the HMMs used

in the speech recognition may be estimated inaccurately and

unstably. To solve this problem, PCA (Principal Component

Analysis) was used to reduce the dimension effectively.

IV. WORD-RECOGNITION EXPERIMENTS

A. Experimental setup

In order to confirm the efficiency of the proposed method,

the speech data were extracted from the A-set of the ATR

Japanese database, and the noise data were extracted from the

CENSREC-1-C database [14]. The total number of speakers

was ten (5 males and 5 females). The training data were

composed of 2,620 utterances per speaker, and 1,000 clean or

noise-added utterances were used for testing each speaker. The



2009 International Symposium on Intelligent Signal Processing and Communication Systems (ISPACS 2009) December 7-9, 2009

– 447 –

Reference
position

Gaussian
window

Local gradient 

features

Orientation histograms 

calculated in each (4    4) 

area

�

���

���

���

���

�

� 	�

Orientation histogram ( 32 dimensions = 8 

orientations     4 areas)

Local feature descriptor

�

�

4

4

8

8 4 4
1h 2h

3h 4h

1h 2h 3h 4h

Fig. 4. Orientation histogram

Time

M
el

 f
re

q
u

en
cy










Gradient-based feature vector X

Size of the vector is

32      N (number of 

descriptors at each frame)

Local feature descriptor

�

Fig. 5. Gradient-based feature vector obtained by packing the local feature
descriptors at a frame

speech waveforms were transformed into the time-frequency

matrix using short-time Fourier transformation with 25-ms

frame width and 10-ms frame shift. Next, a 64-channel mel-

frequency filter-bank analysis was performed on the above

components. To evaluate our method with real noise data, two

kinds of noise data (restaurant and street) were used from

the CENSREC-1-C database [14], which were recorded in -

5≤ SNR ≤10 dB environments. Word recognition rates were

computed by averaging the results from the ten speakers.

B. Experimental results

The gradient-based feature vector X obtained in this paper

equals the 256-dimensional vector (32 elements × 8 descrip-

tors). It is a large-dimension vector, so PCA (Principal Com-

ponent Analysis) is used to reduce the dimension effectively.

Fig. 6 shows the word recognition results as a function of the

number of feature dimensions using PCA, where the speaker-

dependent HMMs and the HMM trained using ten speakers

were used. The highest recognition rate for both HMMs was

obtained when there were 50 dimensions of the gradient-based

features vector X. So, the following experiments used the 50-
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Fig. 6. Results of word recognition as a function of the number of feature
dimensions after PCA

dimension gradient-based features and were carried out using

the HMM trained using ten speakers.

The results of word recognition using the gradient-based

features, compared with the recognition results using MFCC

are shown in Fig. 7. The recognition rates using the gradient-

based features improved to 90.8%, 72.4%, and 67.6% for

clean, restaurant, and street environments, respectively, due

to accumulation of the direct expression of temporal features.

Since the gradient-based features showed a high speech

recognition rate using a single feature for each kind of noise,

we examined combinations with MFCC and Δ MFCC. The

feature combination is based on a stream weighting method

that concatenated each feature vector by equally weighting

the respective feature. As shown in Fig. 8, compared with

the results of MFCC and ΔMFCC only, the gradient-based

features (HOG) improved the recognition rates by 3.8% for

both types of noise after the HOG features were combined with

MFCC and Δ MFCC. This indicates that the gradient-based

features contain information that can improve the recognition

rate obtained by MFCC and ΔMFCC combination.
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Fig. 7. Results of word recognition when using each single feature
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Fig. 8. Results of word recognition when using combined features

V. CONCLUSION

We described a new feature extraction method based on gra-

dient orientations of the power spectrum on a time-frequency

matrix. Experimental comparisons with MFCC in noisy en-

vironments corrupted by two kinds of noise have suggested

that the proposed feature offers better encoding of temporal

features and is more noise robust than MFCC.

In future research, we will investigate some optimal num-

bers for the Gaussian window size, the area size of orientation

histogram, and the discrete orientation level. Then we will

verify the effectiveness of the method for other types of noises.

We will also investigate combinations of speech enhancement

or model adaptation techniques (e.g. [15], [16], [17]).

REFERENCES

[1] S. Furui, “Speaker-Independent Isolated Word Recognition Using Dy-
namic Features of Speech Spectrum,” IEEE Transactions on Acoustic,
Speech, and Signal Processing, vol. 34, pp. 52-59, 1986.

[2] T. Nitta, “Feature Extraction for Speech Recognition Based on Orthog-
onal Acoustic- feature Planes and LDA,” Proc. of ICASSP, pp. 421-424,
1999.

[3] S. Y. Zhao and N. Morgan, “Multi-Stream Spectro-Temporal Features for
Robust Speech Recognition,” Proc. of Interspeech, pp. 898-901, 2008.

[4] B. T. Meyer and B. Kollmeier, “Optimization and Evaluation of Gabor
feature sets for ASR,” Proc. of Interspeech, pp. 906-909, 2008.

[5] S.-N. Tsai; L.-S Lee, “Improved robust features for speech recognition
by integrating time-frequency principal components (TFPC) and his-
togram equalization (HEQ),” Proc. of ASRU, pp. 297-302, 2003.

[6] Y. Li and D. Wang, “Musical Sound Separation Using Pitch-Based
Labeling and Binary Time-Frequency Masking,” Proc. of ICASSP, pp.
173-176, 2008.

[7] K. Schutte and J. Glass, “Speech Recognition with Localized Time-
Frequency Pattern Detectors,” Proc. of ASRU, pp. 341-344, 2007.

[8] H. Matumura, R. Oka, K. Kogure, and Y. Kojima, “Speaker-Independent
Spoken Word Recognition by Using the Orientation Patterns Obtained
from the Vector Field of Spectrum Pattern,” Transactions of IEICE, Vol.
72-D-II, No. 4 , pp. 487-498, 1989.

[9] Y. Ariki, S. Kato, and T. Takiguchi, “Phoneme Recognition Based on
Fisher Weight Map to Higher-Order Local Auto-Correlation,” Proc. of
Interspeech, pp. 377-380, 2006.

[10] T. Muroi, T. Takiguchi, and Y. Ariki, “Speaker Independent Phoneme
Recognition Based on Fisher Weight Map,” Proc. of the 2nd International
Conference on Multimedia and Ubiquitous Engineering, pp. 253-257,
2008.

[11] D. Lowe, “Distinctive image feature from scale invariant keypoints,”
Proc. of International Journal of Conference on ComputerVision (IJCV),
60(2), pp. 91-110, 2004.

[12] N. Dalal and B. Triggs, “Histograms of oriented gradients for human
detection,” Proc. of IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), pp. 720-723, 2007.

[13] C. Tomasi, R. Manduchi, “Bilateral Filtering for Gray and Color
Images,” Proc. of International Conference on Computer Vision, pp.
829-846, 1998.

[14] N. Kitaoka, K. Yamamoto, T. Kusamizu, S. Nakagawa, T. Yamada,
S. Tsuge, C. Miyajima, T. Nishiura, M. Nakayama, Y. Denda, M.
Fujimoto, T. Takiguchi, S. Tamura, S. Kuroiwa, K. Takeda, and S.
Nakamura, “Development of VAD evaluation framework CENSREC-1-
C and investigation of relationship between VAD and speech recognition
performance,” Proc. of ASRU, pp. 607-612, 2007.

[15] D. Yu, L. Deng, J. Droppo, J. Wu, Y. Gong, and A. Acero, “A Minimum-
Mean-Square-Error Noise Reduction Algorithm on Melfrequency Cep-
stra for Robust Speech Recognition,” Proc. of ICASSP, pp. 4041-4044,
2008.

[16] R. Gomez, T. Toda, H. Saruwatari, K. Shikano, “Improving Rapid
Unsupervised Speaker Adaptation Based on HMM Sufficient Statistics,”
Proc. of ICASSP, pp. 1001-1004, 2006.

[17] A. Betkowska, K. Shinoda, and S. Furui, “Speech Recognition Using
FHMMs Robust Against Nonstationary Noise,” Proc. of ICASSP, pp.
1029-1032, 2007.

[18] K. Yu, M. J. F. Gales, and P. C. Woodland, “Unsupervised Discrimi-
native Adaptation Using Discriminative Mapping Transforms,” Proc. of
ICASSP, pp. 4273-4276, 2008.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


