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Abstract In this paper, a new feature normalization approach based on double Gaussian

mixture model is proposed. Since speech features in noisy environments usually follow bi-

modal distributions, to fully utilize this characteristic we represent the cumulative density

function (CDF) of the features with a more delicate Gaussian mixture model. Finally, fea-

ture normalization process is performed according to the estimated CDF to improve speech

recognition performance. Experimental results on Aurora 2 and Aurora 3 tasks show that the

performance of our method is much better than those of the conventional cepstral mean nor-

malization (CMN) and cepstral mean and variance normalization (CMVN) methods, and is

comparable to that of the histogram equalization method, which is a non-parametric method.
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1 y`.J���HaYp1<�T��tK&)�sO��!�M4�g�H�p1<�zys$4��b�f+tp�%\A~<`�tK&sH�l+H�l9%?4Bs�s!�,���M`�t4�p1s~< (�O�>�Hp} �kt<�v) \jo+s~< (jo)8�Gt�m�p1~<x�sjo)8s lv). �<�O�>\Hp} 	VT��s^9�s�h�O�tK&℄2*ZÆ'=s4V1^�H�p1.�B�tK&)�O�s����Up6��>h�Ox{s���H4VZ\\K&p12�s/�Æ��%?/�Æ���t�4�~(6b1m$0s;r6�~(6bK, (Ogl�Normalization)Em�g�H
6�C%?/�ÆsH
�+��B)�O����xe}psQ~$0Vb�Æ (Cumulative distribution function matching, CDF-

Matching) �U�4Vg9$a%?~(K,p;sbYUpJ���^bT~(6bK,��Em�gn CDF-Matching J�2.�\1Vm3�Æ>d��[1] �e$s!6bl���zV CDF-Matching �Us3"{���y�p;V<�3"F�Mv| _sQ~$0Vb�)h�i7Q~$0VbÆ~(6b+MK,�3�Æ>d���g)b L�Z1y
$�bs3�Æ>d[2∼4]\y
j�UGs3�Æ>d���zyW�
/�s>_��$� 9_sb7�Emwq~($0sQ~3�Æ�h$ Em�FsW{\>6$0s l�3�Æ>d��qEm�gE���� (1�8�[5]
, O_{P�b (Vector taylor series, VTS)

[6]
) g�P��m#q+g3sO��B�q�Æ�t\�>$&�tQ~3�Æs>d��[7]

,g%?��Seg9 VAD t�NbYs"$�t\�>��F%*/0oVn��3�Æ>dW�~(O_KW{ r��sHaf#q`8hYsDR[8,9]
. 3�Æ>d��qEm�
!6O ��KW{��[9]

.OW2���g�s��.�T�6bls~(6bK,��f�Em� CDF-Matching�UN'X�Z1j�>6K, (Cepstral mean normalization, CMN), j�>6�;K,
(Cepstral mean and variance normalization, CMVN) v�%T����/V3"zm!6bs��F�Q~$0Vb����V1�<~(6bs1m$0sLQ (Æ CMN V�>6�k�J�Æ CMVN Vf3l$0�J), )h�b7NF�$0s6b�Th+MK,�%fEm`nwC1mz
Vbs;&s�s�gV��$%$~��>p1.s�t~(6b��F4f'$0[7]

, � CMVN v�fs6bl�� �bYs$`%?f'$D�3�Æ>d V!6bls�����y ���#ng?�E?,9s$`~($0 (~&Vf'$D) s6bl����W��y�M`g?y
f3l GMM s~(6bOgl�����s�0V%d�s��{ 2 #<��=a~(6bK,sy��U — Q~$0Vb�Æ�U�*�f(: CMN �CMVN \3�Æ>d���{ 3 #<��9�j~�y�Msf3lOgl��s�U��H4TH��{ 4 #<��� %3?���
Aurora2 m� Aurora3 b7�6s$R�Th��y��{ 5 #<<M��$p�
2 S�&2Xe���W�tK&x�6b��1 MFCC, �=�Vv|O_�s�9�8{s1m$0�Z\\K&s/�Æf4�4�1m$0s;&6�^H�p1s~<�~(6bs1m$
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{�h5n GMM u�*7dM.����vM(>u}� 5210����/ �%F�g9bK)s;�4VÆ~(6b+MK,�PqZ\\K&Fgs~(6bs1m$0� "-�%d^$2�/�Æs��4{-�qn/5[1,7]
.u)~(6bs1mz
Vb�Æ{-V�yT3"s�"�g�
ÆzsF��/��fb�F'�xm�yg�qV�T1mz
Vbs~$—Q~$0Vb (Cumulative

distribution function, CDF) N$a1m$0�Æ�U�=7%9�U�~(6b rVbEm�b7sQ~$0Vbwq�1.<~(6b rVb� x = T [y], y VK,�s~(6b�x VK, rhs~(6b��< x sQ~$0Vb� CX(x), y sQ~$0VbV CY (y),  ~(6b rVb{-Pq
CY (y) = CX(x) (1)�WEmqn

x = T [y] = C−1
X

(CY (y)) (2)6a��f�D�6b.B�H�{�h<��`�lt�H4TH�0�Z\\9Zsb71m$0� n�g9T1<�s"F$0 (��V"F3l$0), %DW6bK,�
2.1 $�xmb (Histogram equalization)3�Æ>dV CDF Matching �Usg?T3"sH4�V�1.�\1VY�:�	[�<�%d:�E$&PU�)h�,9Z\�6bsE�#6��v$� M 9/8A�sC"� (bins), M sb6g���En�ÆU��2h��r�x9C"�<s6b9b��WEmqn~(6bsQ~3�Æ�*�
�-&HsQ~$0Vb�
2.2 Z�o Z�h"b�{l0�n�q�T�6bls~(6bK,���.JyyTLsM�}fT*/V CDF-matching �U�g�tSgE��s��.�zyfEm� CDF-matching �UN$`���s CMN \ CMVN ���EmOn%gT<�
2.2.1 _�x%�s (CMN)j�>6Ogl (Cepstral mean normalization, CMN) ����FfD� CMS, Vg?!���s~(6bK,���h�<Z\\K&s6b1mz
$08��8V8;g9�bF�Em�T�$>6N$�%9�b�ks~<�Z CDF-matching sI}NA�CMN V� rVb x = T [y] �l� x = y −C, C �%XVg9�b�%Fg�^$s CDF fV�C6Vg9�k�xm�CMN �%?��.4�&vD
 CDF-matching.

2.2.2 _�x%\h" (CMVN)j�>6�;K, (Cepstral mean and variance normalization, CMVN) Vg?Æj�~(6bs>6\�;�VK,s����yfEm CMVN AWVQ~$0Vb�Æ�U{�sg9~Z�h~(6b*_3l$0F�Q~$0Vb�Uv�
 CMVN ���CMVN ��<**�n>6\�;^96b�8� Yz$Rf'$0�gV�1R~(6b$0� ,�so�**�^96bN}aV/EK$s��$%$~��>p1.s�t~(6b��F4f'$0 [7]
. � pV CMN \

CMVN �� �bYs$`%?f'$D�3�Æ>d�� ��V{�!6b��N$`~(6bs1m$0��W��y�M`g?y
f3l GMM s~(6bOgl���m`nbYz�6bl��$`~(6bsf'$D�
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3 i6o�+8eN/ ��`?/,s$`~(s1m$0�g9��s��V�u_3l�J (GMM) N�-,�s1mz
$0�g�Nj�xP�su_3lb���Æ&H1mz
$0s�-H
�Y�gVF�6bFxSb7_f�b��t_f�b���<4�su_3lb� 2.

3.1 b�{1R y s1mz
$0Em�.{s GMM $R
p(y) =

K∑

k=1

ckN(y;µk,Ψk) (3)�u y sQ~$0Vb�
C(y) =

K∑

k=1

ckF [(y − µk)Ψ−1
k

] (4)6Q<�y,µk,Ψk $&V~(6bM�_�>6M�_�Æ�F�;5'�Vb F (t)V"F3l$0sQ~$0Vb�gV%9Vb*v�'%$`Q�xm�y�:$�N-rH4 F (t) ���Vb�
3.2 ��Z�fr�wq�t~(6bh�SeF��Js6b��y4�` EM t�[10]

, -t�W�
U�zU _s�J6bF����� GMM s6bF�4_
%T������yst�V�[�~(6b:�	[�<26s���t GMM �J6b\+MK,sFg�.�:�8i	[�i/8H�%dVu)�f�gVf℄�gE���s�H�6~(6b�V��s�V6b�;sFg:�2�f�~<��%?~<Bl+N��yP�`��s GMM, �T EM t����F�<6E^9 (x$�9) 3l$0�1Rg9f3ls GMM �J1.xR
p(y|φ) =

2∑

k=1

ckpk(y|φk) =

2∑

k=1

ckNk(y|µk,Ψk) (5)<�b7Ub Y = (y1, · · · ,yN
) h�qn

γi

k = [ckpk(yi|φk)]/[p(yi|φ)] (6)

γk =

N∑

i=1

γi

k (7)�u0TgY�ehs GMM s:93ls%A�>6��;$&1.xR�
c′k = γk/N (8)

µ′

k = [

N∑

i=1

γi

kyi]/γk (9)
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ψk = [

N∑

i=1

γi

k(yi − µi)(yi − µi)
T]/γk (10)s�4�`�� GMM, :�~(6b�C>�g9%A�e���`H46s�f��ysK,t�Vy
xg:os�sWE�
F��J6bs~(6b1b*/|���!qECs6b���Se+M�Y�e�

4 �wN)J
4.1 ���wl�&�ys� HaV� Aurora2 b7H\ Aurora3 b7H6+Ms�

Aurora2 V+A�2�>\Hp~<s TI bOTb7H�z<�`g9�K�sZ\\9Zb7�6�m�K&h�s9�i�OsbOTK&)��zs�s4V��&8�sZ\\9Z��.�� /�s��h�O6b��sDR�
Aurora3 b7HV�B�_C��tb7H SpeechDataCar sg9I��C�Uq?�B�_sH�C�p1bOT�tb7���%9b7HDe�
C�p1.�>h�O��s�9�

4.2 ��uj����yV`m.� Ha�\1��yH4` CMN \ CMVN ���Hax4�s~(6b� MFCC \ logE (Æb�_). Æxg:o�$&�tM~(6bxg�s>6\�;�)h�>6�$ (CMN��) x��Ogln"F3l$0 (CMVN ��).2h��yH4`f3ls~(6bK,���Hax4�s~(6bV MFCC \
logE. Æ Aurora2 Z\�\9Z�<sxg:o���#M MFCC 6bh�� EM t��e�tMf3l�Js6b�Ha<4�s EM �eYb� 3 Y (Ha$~� 3 Y�e �_W�?�Y�ev�~2/5); )h=7%9�J�~(6bs$0Ogln"F3l$0���OglhsZ\�6bZ\qn>V�Jh�ÆOglhs9Z�b7+M9Z�qn9Z$R�3�Æ>d��u)_
!6bl~(K,���g��^?��f9�E�O�s��yfH4`3�Æ>d��m�� �$ 1\$ 2$&V� Aurora2\ Aurora3,!63?���y6)� (y
 MFCC) sHa$R�Z$<EmqM1.gE$p�\1�3?��> y6)�� �~2s/5��Y���6bl��s CMVN��\�yx�Msf3l~(6bK,��8��h$e~2�
�$�Th��ys��sO��3�Æ>d��y�8h�� Aurora2s
Clean-Condition \ Aurora3 s Well-Matched � Medium-Mismatch �K.qe8YgE�% 1 ;���� Aurora2 -"7uQ	�!

Table 1 Comparison of performance on Aurora2 between different methods�� Clean-condition Multi-condition R	 (Overall)V_$n (WER) V_$n (WER) V_$n (WER) 9�_$n/� (ERR)z7 (Baseline) 13.61% 39.94% 26.77% 0%

CMN 11.94% 32.23% 22.08% 15.78%

CMVN 11.68% 30.35% 21.02% 19.08%4��?e 10.35% 19.08% 14.72% 38.08%g4m�)L- 10.07% 21.34% 15.70% 36.31%
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Table 2 Comparison of performance on Aurora3 between different methods

Well Medium High R	 (Overall)�� matched mismatch mismatch WER(%) ERR(%)

WER(%) WER(%) WER(%)z7 (Baseline) 8.96 21.96 48.85 23.48 0

CMN 7.76 17.01 32.73 17.24 20.92

CMVN 7.22 15.24 35.76 17.16 25.714��?e 6.72 14.41 23.03 13.49 35.81g4m�)L- 6.57 14.21 26.68 14.27 34.99e���yfÆ4�?�3lb (33l) s~(6bK,��+M`L3s?Z�� Aurora2 6*wq 34.72% s8Æ^#m.��8Æ
f3l�K�* O��B�
5 &qh�O�tK&{ÆsDe4VZ\\K&p1DÆs�����t6b�;6�Vv| _ (O_), 9��?1m$0�DÆs��f4t�4�1m$0s;r6�g9bK)s;�VÆ%Ev| _+M�? r�mPqZ\\K&x�s6bs1m$0.E�"-�%dDÆs~<��C�)�sh�O�tqn�3�%4Vy

CDF-matching s��sy�p;�� CDF-matching sJ�.��
9�H4��s;r�%gT��	Em$�^bT�W�!6b��s3�Æ>d���W�6bl��s�3l
_s�� (CMN \
CMVN v���HEmAV%g���g���.s~Z).�y�M`g?y
f3l GMM �J�*P� EM t�NF��J6bs�t~(6bOgl����R�s CMN \ CMVN v6b��8���ys���E?�/,s$4d��t~(6bs~}�� Aurora2 � Aurora3 ,!6sHa$~��ys���Q�O��3�Æ>d�� (!6b��) J���e~2�
 CMN m� CMVN ����y.�%Vs�f3ls GMM �JEm?Ys$`d��t~(6bsf'$D�Z��E?YsÆ~(6bOgl�PqZ\\K&s/�Æ�E+g3�C��f3l8��?�3l*�dNO��B�%E��^9�s�gV�ysK,Vy
:Is�sWb7E�/Sm�NK$F� GMM 6b�e��~(6b�;��Sew#sV/�p1�~(6bsH)��{-O��tH'v!p1ssÆ~(6bdNs~<�sW|T/,s�;�Jf/g�4�dNO�!q�'=%E���Vh℄2s��2g�

References

1 de la Torre A, Segura J C, Benitez C. Non-linear transformations of the feature space for robust speech

recognition. In: Proceedings of International Conference on Acoustics, Speech, and Signal Processing 2002.

Piscataway, USA: IEEE Press, 2002. 401∼404

2 Hilger F, Ney H. Quantile based histogram equalization for noise robust speech recognition. In: Proceedings

of European Conference on Speech Communication and Technology 2001. Aalborg, Denmark: ISCA, 2001.

1135∼1138

3 Hilger F, Molau S, Ney H. Quantile based histogram equalization for online application. In: Proceedings of

International Conference of Spoken Language Processing 2002. Rundle Mall, Australia: Causal Productions,

2002. 237∼240

4 Hilger F, Molau S, Ney H. Evaluation of quantile based histogram equalization with filter combination on

the Aurora 3 and 4 Databases. In: Proceedings of European Conference on Speech Communication and

Technology. Grenoble, France: ISCA, 2003. 341∼344



4 � g ,x
{�h5n GMM u�*7dM.����vM(>u}� 525

5 Segura J C, Benitez M C, de la Torre A, Rubio A J. Feature extraction combining spectral noise reduction

and cepstral histogram equalization for robust ASR. In: Proceedings of International Conference of Spoken

Language Processing 2002. Rundle Mall, Australia: Causal Productions, 2002. 225∼228

6 Segura J C, Benitez M C, de la Torre A. VTS residual noise compensation. In: Proceedings of International

Conference on Acoustics, Speech, and Signal Processing 2002. Piscataway, USA: IEEE Press, 2002. 409∼412

7 Molau S, Hilger F, Keysers D, Ney H. Enhanced histogram normalization in the acoustic feature space.

In: Proceedings of International Conference of Spoken Language Processing 2002. Rundle Mall, Australia:

Causal Productions, 2002. 1421∼1424

8 Molau S, Hilger F, Ney H. Feature space normalization in adverse acoustic conditions. In: Proceedings of

International Conference on Acoustics, Speech, and Signal Processing 2003. Piscataway, USA: IEEE Press,

2003. 656∼659

9 Dharanipragada S, Padmanabhan M. A nonlinear unsupervised adaptation technique for speech recognition.

In: Proceedings of International Conference of Spoken Language Processing 2000. Beijing, China: Institute

of Acoustics, 2000. 556∼559

10 Dempster A P, Laird N M, Rubin D B. Maximum likelihood from incomplete data via the EM algorithm.

Journal of the Royal Statistical Society, 1977, 39(1): 1∼38

11 Chen C P, Bilmes J, Kirchhoff K. Low-resource noise-robust feature post-processing on AURORA2.0. In:

Proceedings of International Conference of Spoken Language Processing 2002. Rundle Mall, Australia: Causal

Productions, 2002. 2445∼2448~ Y kS^3A�^3�A�i�P�uL'�
(LIU Bo Master student. His research interest includes robust speech recognition.)^}� -S�+�℄�^3�A	�uI[QV��u	I�� DSP �`|��
(DAI Li-Rong Ph.D., associate professor. His research interests include speech signal processing, speech

communication, and the application of DSP technology.)��n �℄�-SAmC�[UPI[QV��u	I��w�	Iw�|t^3�
(WANG Ren-Hua Professor. His research interests include digital signal processing, speech communica-

tion, and multimedia communication. )a y kS^3A�^3�A�i�P�uL'�
(DU Jun Master student. His research interest includes robust speech recognition.)|v� kS�^3d��y��n�u�s��uL'�
(LI Jin-Yu Master. His research interests include low-bit rate speech coding and speech recognition.)


