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A Single-channel Speech Enhancement Approach Based on Perceptual Masking

Deep Neural Network
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Abstract A new deep neural network (DNN) is proposed for single-channel speech enhancement, which incorporates

the perceptual masking properties of psychoacoustic models. Firstly, the proposed DNN is trained to learn both the

clean speech magnitude spectrum and the noise magnitude spectrum from the noisy magnitude spectrum. Secondly, the

estimated clean speech magnitude spectrum is used to calculate the noise masking threshold. Then, the noise masking

threshold and the estimated noise magnitude spectrum are combined to calculate a perceptual gain function. Finally,

the enhanced speech magnitude spectrum are obtained by jointly training the perceptual gain function and the noisy

speech magnitude spectrum. Experimental results on TIMIT with 20 noise types at various SNR (signal-noise ratio)

levels demonstrate that the proposed perceptual masking DNN can effectively remove the noise while maintaining small

speech distortion, so as to obtain better performance than the common DNN methods and the NMF (nonnegative matrix

factorization) method, no matter noise conditions are included in the training set or not.
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r�{�'uõÏ��ÑOr�{äk�´ÜÝ!¤��$!�´¢y�`:, 3IS	Úå
2��ïÄ.CA�
5, �«ØÓ�üÏ��ÑOr�{Ñy3<��À�¥, ²;�Or�{Ì�kÌ~{[1]!Wiener ÈÅ{[2]!Äu��þ�Ø��Ì�O�{[3−4] ±9Äu�Ñ&Ò±Ï�.�Or�{[5] �. þã�{Ï~¡ǑÄuÚO�.��iÒ�ÑOr�{, ùa�{�`:´ØI�k�&E,=3�ÑOr�ØI���äN�D(a.½öA½`{<��ÑAÆ, Ò�±l�D�Ñ¥�OÑXÀ�Ñ. ÄuÚO�.��ÑOr�{Ï~3p&D'±9�µD((��{ü²­�^�e�J��, �y¢¥�D(  äkE,��²­A5,



2Ï ¸��: Äua�ù-�Ý ²�ä�üÏ��ÑOr�{ 249ÄuÚO�.��{éD(õÇÌ��OJÝ��,�ÑOr��J¿Ø-<÷¿.�éuÄuÚOnØ�Or�{, Äu�.Ôö��ÑOr�{3$&D'!E,�µD(^�eLyÑ
����J. �KÝ
©)�{ (Nonne-

gative matrix factorization, NMF)[6−8] Ò´C
5,å��«Äu�.Ôö��{, T�{©Oé�ÑÚD(&Ò?1ï�, ½ö�é�ÑÚD(�ö��?1ï�, ¿^�ÑÚ (½) D(��é¤ï�.?1Ôö, �OÑ�.�äNëê, ,�|^¤�ëêl�D�Ñ¥�OÑXÀ�Ñ. �KÝ
©)�{´ïá
��l�D�Ñ�XÀ�Ñ��5N�, �´�5N�¿ØUé�/L�Ñ�Ñ&Ò�E,(�ÚAÆ.C
5, �ÝÆS³/ÙéE,AÆ`D�Ä�Úï�Uå, 3�Ñ&Ò?n+�Úå
2��ïÄ. 3�ÝÆSA^u�Ñ£O�¡��ã�¤õ�KǑe, �
Æö�qò�ÝÆSA^u�ÑOr?Ö¥[9−14]. Äu�ÝÆS��ÑOr�{�±é�/ÆS�l�D�Ñêâ�XÀ�Ñêâ�E,��5N�¼ê, �' NMF �{Or�J�\âÑ. Xu �|^�êâ�g�, JÑ�«Äu�Ý ²�ä��ÑOr�{[9] , ÏL DNN

(Deep neural network) é�D�ÑÚXÀ�Ñ�m?1£8[Üï�. Huang �JÑ�«ò^ù-EâÚ�Ý48 ²�ä (Deep recurrent neu-

ral network, DRNN) éÜå5?1Ôö��D©l�{[10], �'kÏL DRNN Ôö��XÀ�Ñ&Ò��2|^^ù-Eâ?1?n�Or�Jké�Jp. Wang �©Û
|^ DNN éØÓ�8I?1Ôö�Or�J[11] , Ôö8I�)n���ù- (Ideal binary mask, IBM)!n�2�ù- (Ideal ratio mask, IRM) ±9á�Fp�C�ù- (Short-time Fourier transform mask, SFFT-

Mask) �. o�5`, ù
Äu�ÝÆS��{9Ùù-Eâ3�ÑOr?Ö��
����J, �é��Ä<a�%n(Æù-A5é�ÑOr�J�KǑ.|^�Ý ²�ä3�ÑOr�¡�`³, �©JÑ�«ò DNN Ú<a�%n(Æù-A5�(Ü�üÏ��ÑOr�{. T�{ò%n(Æù-KÜ�8I�Ñ�ÌÝÌ�O¥, Äk|^ DNNé�D�ÑAÆ?1Ôö����äk%n(Æù-A5�a�O�¼ê, ,�òTa�O�¼ê��D�ÑÌÝÌ?1O���XÀ�Ñ�ÌÝÌ�O. ¢�(JL², �©�{�ØD(�5UwÍ`u NMF �ÑOr�{±9~�� DNN �ÑOr�{.

�©1 1 !0�Ä�� DNN �ÑOr�{±9Äu%n(ÆA5�ù-K�O��{; 1 2 !�ã
�©JÑ��ÑOr�{��ä(�ÚäN¢y; 1 3 !�éJÑ�Or�{?1¢�µd; ���Ño(�?Ø.

1 ÄuDNN��ÑOr�{9D(ù-K��^ DNN ?1�ÑOr�Ä��{´�â��þ�Ø�OK, é�D�ÑÚXÀ�Ñm�E,'X?1£8[Üï�, ����l�D�Ñ�XÀ�Ñ�pÝ��5N�¼ê.

1.1 ÄuDNN��ÑOr�{
1.1.1 DNN�ä(�Ä�� DNN ´dõ���5�|Ü
¤�
". ²�ä, ²LÅ�Ôöl�D�ÑAÆëê¥J�ÑXÀ�Ñ�AÆ. Äu DNN ��ÑOr(�Xã 1 ¤«.

ã 1 Äu DNN ��ÑOr
Fig. 1 Speech enhancement based on DNN

DNN �(�Ï~d 3 Ü©|¤: Ñ\�!Ûõ�ÚÑÑ�. Ñ\�^5Ñ\�D�Ñ�AÆëê.Ûõ���dõ�æU
¤, ���!:�mkë�, Ó��9ª�!:�m�ë�. Ñ\�±9Ûõ������m|^-¹¼êD4êâ, þ��O����ÑÑ�Ǒe���Ñ\Cþ, Xª (1) ¤«:

hhhl = σ(W lhhhl−1 + bbbl) (1)ª¥, σ(·) ´-¹¼ê, l ´��ä��ê, W l ´����më����Ý
, bbbl ´ �þ, hhhl ´1 l �



250 g Ä z Æ � 43ò�ÑÑ, §dþ���ÑÑ hhhl−1 O���, ÄkdÑ\���D�ÑAÆëê hhh0 = xxx m©O�.ÑÑ���âI�À^Ü·�¼ê5��ÑÑ(J, ¼êQ�±´�5�Ǒ�±´��5�.

1.1.2 DNN�ä�ÔöÔö�� DNN Ï~�¹ü��ã: �iÒ�ýÔöÚkiÒ��N.Å��8�iÒýÔö´ 2006 
 Hinton �JÑ^5)ûØ���DÂ�, �ä´�\ÛÜ�`�¯K[15]. ýÔö�g�Ì�´: p�ë��zü��Ǒ����À�[ùÅ (Restricted Boltz-

mann machine, RBM), �ädeZ� RBM æU
¤,d.��p�|^é'ÑÝ�{ (Contrastive

divergence, CD) �géz� RBM ?1Ôö5�#��[16].C
5, ©z [17] JÑ�«¡Ǒ ReLU (Rec-

tified linear unit) �-¹¼ê f(x) = max (0, x)5�O RBM ¥~^� sigmoid -¹¼ê σ(x) =

1/(1 + e−x). æ^ ReLU -¹¼ê� DNN O��{ü, �ä��©��æ^�Å�©z�, Ó��±��ä��é���J, ¤Ǒ8
ïÄ¥�Ì6-¹¼ê.3kiÒ��N�ã, �äÔö�8I´��z�äÑÑ�Or�Ñ�XÀ�Ñ�m�Ø�, �äÔö�8I¼êXe:

JMSE(W,bbb) =
1

N

N
∑

n=1

1

2

∥

∥

∥
ŜSSn(W,bbb) −SSSn

∥

∥

∥

2

(2)ª¥, n ´��¢ÚÒ, N ´¤k���ê, ŜSSn ´Or��ÑAÆ
 SSSn ´�Ù�éA�XÀ�ÑAÆ. O���Or�Ñ�XÀ�Ñ�Ø���, òTØ�^��DÂ�{5?��ä���. é��Ý
W Ú �þ bbb ��#{KXe¤«:

W l = W l − ε
∂J(W,bbb)

∂W l
, 1 ≤ l ≤ L + 1 (3)

bbbl = bbbl − ε
∂J(W,bbb)

∂bbbl
, 1 ≤ l ≤ L + 1 (4)ª¥, ε ´ÆS�Ç, L �o�Ûõ�ê, L + 1 ��ä�ÑÑ�.�äëê²L�X��S��#, Ò�±����Ôö�� DNN 5¢y�ÑOr.

1.2 %n(Æ�.9D(ù-K��O�%n(Æ�.´3ïÄ<afúXÚÄ:þÄ�Ñ5�N<afúa�A5�êÆ�., §£ã
<afúXÚé�Ñ9D(�a�Úù-Uå.

O�fú|µ©Û´;.��[<�fúa�L§��{. fú|µ©Û�Ǒ<a�fúa�XÚ3a�(Ñ�L§¥éfú|µ¥�(Æ¯�?1
|�, ò·Ü(Ñ¥áuÓ�(
�(Ñ©þ|����fú6¥, l
¢y
�Ñ©l, 
O�fú|µ©ÛÒ´|^O�Å5�[fú|µ©Û�L§.%n(Æ�.�ù-A5´: ��
D(3<afúù-K��e��ÿ, fúXÚÒ�{a�ù
D(��3. Ïd, 3¢S¥�±|^O����ù-K�5k��ØD(. �Ñ©l�?Ö´ò8I�Ñ�Z6�Ñ©m, 
%n(Æ�.Pk�a�ù-D(A5, 3�Ñ©l?Ö¥��
2�A^.�â%n(Æ�., Ñ\&Òª�I�U�.ª� (ü : Bark) ­#y©, ,��OÑz��.ª��ù-K�, ±d5éD(?1�/, �z��.ªãS�D(õÇ�uTf��ù-K�, l
U
��Ñ&Ò¤ù-, ��a��ý��[18].

Johnston JÑ
�«3��Ñv¥, �O�µD(ù-K�����{[19] , T�{ïá3�.�©Û�Ä:þ, äN�±LãǑ±e 4 �Ú½:Ú½ 1. ù-K�´lXÀ�Ñ���©Ûv���. ÄkO����Ñ&Òv sss(t) �õÇÌ
PPP (ω) Ǒ:

PPP (ω) = Re2(SSS(ω)) + Im2(SSS(ω)) (5)ª¥, SSS(ω) ´&Ò sss(t) FFT (Fast Fourier trans-

form)C����ª�&Ò. ,�O����.�S�Uþ Bi:

Bi =
bhi
∑

ω=bli

PPP (ω) (6)ª¥, i �L 24 � Bark �.�¥���?Ò, bliÚ bhi ©OL«1 i ã�$Ú�p�ªÇ.Ú½ 2. Ǒ
O��C��.��3�ù-�A, l1�Ú����.Uþ Bi I���� “*�Ý
” �òÈ. - Sij L«*�Ý
 S ¥��, ¿�
i Ú j ÷v:

| j − i | ≤ 25 (7)ª¥, i Ǒù-8I� Bark ªÇ, j ´ù-
�
Bark ªÇ. *� Bark ª�Ì�d Sij Ú Bi �pòÈ��:

Ci = Sij ∗ Bi (8)Ú½ 3. �â “ù-Ñ” äk�aqD(½XÑ�A5, lþªO��ù-��¥~��� �[20] .
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TN = Ci − 14.5 − i (9)D(ù-XÑ:

TT = Ci − 5.5 (10)Ǒ
�ä&Ò´�Ñ�´D(, I�^�Ì²¡ÿÝ SFM (Spectral flatness measure), SFM L«Xe:

SFMdB = 10lg

(

Gm

Am

)

(11)ª¥, Gm Ú Am ©OL«T�Ñ&Ò�AÛ²þÚ�â²þ.d SFM O���Xê αSFM:

αSFM = min

(

SFMdB

SFMdBmax

, 1

)

(12)

SFMdBmax KǑ�Ñ&Ò´ÄÑ´XÑ, SFMdBmax���~^�´ −60 dB. αSFM ����´ 0 � 1�m. � SFMdB = 0 dB �, αSFM = 0, L«�Ñ&Ò�ÜÑ´D(; � SFMdB ���� αSFM = 1�, L«�Ñ&Ò�ÜÑ´XÑ, ¢S�Ñ&ÒÏ~´0uXÑÚDÑ�m�.ù-Uþ� £�L«Ǒ:

oi = αSFM(14.5 + i) + (1 − αSFM) × 5.5 (13)KD(�ù-K�Ǒ:

Ti = 10lgCi−( oi

10 ) (14)Ú½4.òÚ½ 3 ��� Bark ǑÝe�ù-�� Ti C£�5ªÇǑÝ, l
�� TTT (ω), Ù¥ ω ´
DFT (Discrete Fourier transform) �æ��ªÇ.

2 Äua�ù-DNN��ÑOr�{%n(Æ�ù-A5�±ò$uù-K��í{D(k��ØK. �!|^T`:, JÑ�«òa�ù-EâK\� DNN �#.�ä(�5¢y�ÑOr.

2.1 a�O�¼ê�O�b��D�Ñ&Òv�±L«ǑXÀ�Ñv±9��ÑØ�'�\5D(vU\���, Xeª¤«:

yyy = sss + nnn (15)ª¥, yyy, sss Ú nnn ©OǑ�D�Ñ&Òv!ZÀ�Ñ&ÒvÚD(&Òv. ÏLlÑFp�C�òþª

=z�ª�þ, L«Ǒ:

YYY (ω) = FHyyy = FHsss + FHnnn = SSS(ω) + NNN(ω) (16)ª¥, FH L« N :lÑFp�C�Ý
, H L«
Hermite �f. SSS(ω) ÚNNN(ω) ©OǑZÀ�ÑÚD(�ªÌ©þ.b�Or�����ÑªÌǑ ŜSS(ω). ŜSS(ω) �d��O�¼ê GGG l�D�ÑªÌ YYY (ω) ¥�O��, Xeª¤«:

ŜSS(ω) = GGG ⊗ YYY (ω) (17)ª¥, ⊗ L«éA����. K�Ñ&Òª��OØ��±L«Ǒ:

εεε(ω) = ŜSS(ω) −SSS(ω) =

(GGG − III) ⊗SSS(ω) + GGG ⊗NNN(ω) =

εεεSSS(ω) + εεεNNN(ω)

(18)ª¥, εεεSSS(ω) L«�Ñ�ýªÌ, εεεNNN(ω) L«í{D(ªÌ.b��Ñ�ý�UþǑ EEESSS(ω) = E(εεεH
SSS(ω) ×

εεεSSS(ω)), í{D(UþǑ EEENNN(ω) = E(εεεH
NNN(ω) ×

εεεNNN(ω)). (Ü<��ù-�A, �`�O�¼ê
GGG AT��Ñ�ý��U��Ó�, �yD(?u<�ù-K��e, =÷vXe�`z¯K:

min
G

EEESSS(ω)

s.t. EEENNN(ω) ≤ TTT (ω)
(19)ª¥, TTT (ω) Ǒá�ÌÝÌ©þ�fúù-K��O�, dþ�!¤ã�%n(Æ�.O���. Ǒ
�)þ¡��å�`z¯K, �E Lagrange �d¼ê:

J = EEESSS(ω) + µ · (EEENNN(ω) − TTT (ω)) (20)Ù¥ µ ´ Lagrange �f, ¿� µ > 0. ©z [21] �Ñ
T`z¯K��[�)L§, 3dØ2�ã. a�O�¼êGGG �±L«Ǒ:

GGG =
111

111 + max

(
√

|NNN(ω)|2

TTT (ω)
− 111,000

) (21)

2.2 �ä(��!0�JÑ�(Ü<�a�fúù-A5��Ý ²�ä(�, òù��ä·¶Ǒ PM-DNN

(Perceptual masking deep neural network), PM-

DNN (�Xã 2 ¤«.



252 g Ä z Æ � 43òXã 2 ¤«, JÑ� PM-DNN (�´òa�O�¼ê� DNN �ä(ÜǑ���N?1Ôö,�[�ÔöL§�LãXe:

1) |^ PM-DNN Ó���Or��ÑÌÝÌ
S̃SS ±9©lÑ�Z6D(ÌÝÌ ÑNN , 
~^� DNNÔöÑÑ�kOr��ÑÌÝÌAÆ.

ã 2 Äu PM-DNN ��ÑOr
Fig. 2 Speech enhancement based on PM-DNN

2) |^Or���ÑÌÝÌ S̃SS 5O���ù-K� TTT . DÚ�ÑOr�{Ǒ
°(/�Où-K�, Ï~´é�D�ÑdD(�~�{ (~XÌ~{) ?1?n, dOr��ªÌ5O�ù-K�.

3) |^O����ù-K� TTT ±9D(�ÌÝÌ ÑNN 5O�ª (21) ¤«�a�O�¼ê GGG.

4) òa�O�¼ê GGG ëÓ�D�ÑÌÝÌ YYY�Ǒ�ä��	��U\u�©�ä�ÑÑ�þ,���ä��ªÑÑ ŜSS, Xe¤«:

ŜSS = GGG ⊗ YYY =

111

111 + max





√

ÑNN
2

TTT
− 111, 000





⊗ YYY (22)����ä��ªÑÑ��, ·�^XÀ�Ñé�ä��ëê?1kiÒ��N, �ä�Ôö8I¼êdüÜ©|¤, Xª (23) ¤«:

J = α||ŜSS −SSS||22 + β||S̃SS −SSS||22 (23)ª¥, ||ŜSS − SSS||22 L«�ä�ªÑÑ ŜSS �XÀ�Ñ
SSS �m�Ø�, ||S̃SS −SSS||22 L«�ä
�����O

r�ÑÌÝÌ S̃SS �XÀ�Ñ SSS �m�Ø�, α Ú β©O´
�ü���­�, ¿� α + β = 1. du S̃SS�����Ûõ� hhh3 �m���, =W 4 ��Ü©�, �{d�ªÑÑ ŜSS ÚXÀ�Ñ SSS �Ø�ÏL��DÂ�{5S��# (Ø� ||ŜSS −SSS||22 �{ÏLù-K� TTT ��DÂ� S̃SS), ÏdI�ÏL38I¼ê¥O\�� ||S̃SS −SSS||22, |^ S̃SS Ú SSS �m�Ø�é S̃SS� hhh3 �m���?1�#, ��O��ÑÌÝÌ S̃SS�O(, l
O�Ñ�ù-K�Ǒ�O(.�ä����#I�|^Ø���DÂ�{5O�. �âóª5K, S̃SS Ú ÑNN ¤3�� �ê©OǑ:

δδδS̃SS =
∂J

∂S̃SS
(24)

δδδÑNN =
∂J

∂ÑNN
=

∂J

∂ŜSS
⊗

∂ŜSS

∂ÑNN
=

−
∂J

∂ŜSS
⊗



















ÑNN


TTT ⊗

√

ÑNN
2

TTT























⊗MMM1, 0



1 + max





√

ÑNN
2

TTT
− 1,0









2 (25)

ª (25) ¥, MMM1,0 L«éd ÑNN �¤�EÜ¼ê
max (uuu, 000)(uuu =

√

ÑNN
2
/

TTT − 111) � ��(J,

max (uuu, 000) � ��´�â uuu ´Ä�u 000 
���d 1 Ú 0 �¤��þ.�� �ê δδδS̃SS Ú δδδÑNN ��, ÒUì~^� DNNÔö�{é PM-DNN ���ëêW Ú �ëê bbb?1�#.�ä��ëê²LeZgê�S��#, Ò�����Ôö��äkfúù-�J� PM-DNN.

2.3 PM-DNN�ÑOr6§|^ PM-DNN ?1�ÑOr?ÖÌ�©ǑÔöÚOrü��ã, äN6§µãXã 3 ¤«.3Ôö�ã, Äké�D�Ñ?1á�Fp�C� (Short-time Fourier transform, STFT) ���D�Ñ�ÌÝÌ, ,�ò�D�Ñ�ÌÝÌ�Ǒ
PM-DNN �Ñ\AÆ, é PM-DNN ?1Ôö.3Or�ã, òÿÁ��D�ÑÌÝÌAÆ��Ñ\Ôö�� PM-DNN ��Or�Ñ�ÌÝÌAÆ, |^<�é� &EØ¯a�A5, �^�D



2Ï ¸��: Äua�ù-�Ý ²�ä�üÏ��ÑOr�{ 253�Ñ�� &E?1�Ñ­���Or�Ñ�ªÌ,,�|^á�Fp�_C� STFT−1 �����Or�Ñ&Ò.

ã 3 Äu PM-DNN ��ÑOrµã
Fig. 3 The framework of speech enhancement based on

PM-DNN

3 PM-DNN�ÑOr�{5Uµ��!é¤JÑ� PM-DNN �ÑOr�{?1¢��ýÿÁ, ¿ÒÙ5U?1µ�.

3.1 ¢�êâ9��¢�¥�XÀ�ÑÀg TIMIT IO�Ñ¥,l 240 �ØÓ�I5Úå5`{<¥�ÅÀ�
600 ^�é�ǑÔö�Ñ. ¢�¤^�D(5g
Noisex-92 IOD(¥±9¢S)¹¥~���
�²­D(. Babble, Car, Casino, Cicadas, F16,

Factory1, Frogs, HFchannel, Jungle, Restaurant,

Street, White, Airport, Pink Ú Birds ù 15 «D(�ǑÔöD(. ¤k�XÀ�ÑÚD(Ñæ�� 8 kHz. 600 ^Ôö�Ñ¥�z^�Ñ3þã 15«D(¥�ÅÀ��«D(, ¿l −6 dB, −3 dB,

0 dB, 3 dB, 6 dB, 9 dB, 12 dB Ú 15 dB ù
&D'¥�ÅÀ��«&D'?1�ÑÚD(·Ü, ò·Ü�� 600 ^õ�5�D�Ñ�Ǒ�ä�Ôö8.�D�Ñ�ÌÝÌ�Ǒ PM-DNN Ôö�Ñ\AÆ,?1 STFT �¤�^��Ñv�Ǒ 64 ms (512 :),v£Ǒ 16 ms (128 :), PM-DNN Ûõ�ê�Ǒ 3�, z� 2 048 �!:, -¹¼êÀJ ReLU ¼ê,�äë���æ^�Å�©z�{.ÿÁ�ã, ,À 120 ��Ôö�ãØÓ�I5Úå5`{<¿l¥�ÅÄ� 60 ^�é�Ǒ¢�ÿÁ^�XÀ�Ñ. ·�Ø
À��D�Ñ8¥Ñy� 15 «D(?1ÿÁ, Ó��,	À�Ñ\�D�Ñ8¥vkÑy� Exhibition, Subway, Train,

Motorcycles Ú Ocean ù 5 «D(5ÿÁ¤JOr�{��zUå.

3.2 é'�{9µd�I¢�é'�{æ^ NMF, DNN ±9Ûª�Fp�C��� IRM-DNN �ǑÄO. NMF �{¥XÀ�Ñi;d DNN Ôö8¥� 600 ^XÀ�ÑÔö��, �Ñi;Ä�Ǒ 1 000, D(i;Ä�Ǒ 100. NMF ÔöAÆÀJ 257 ��ÌÝÌ,^ Hamming IO�ÌÝÌ, I�Ǒ 64 ms, v£Ǒ
16 ms.Ûª�Fp�C��� IRM-DNN Ò´3Ä�� DNN �þU\��n�2�ù-�, éÜ�D�ÑÌ�å�Ǒ�ä�Ôö8IÑÑ, Fp�C��� IRM ½ÂXe:

IRM =
|SSS(ω)|2

|SSS(ω)|2 + |NNN(ω)|2
(26)ª¥, |SSS(ω)|2 Ú |NNN(ω)|2 ©OL«XÀ�ÑÚD(�Uþ. DNN Ú IRM-DNN æ^� PM-DNN �Ó�êâ8?1Ôö, Ûõ�êÓ��Ǒ 3 �, z�

2 048 �!:. NMF Ú DNN �{3��|^^ù-Eâ5?�ÚJ,�Ñ&Ò�g,Ý, ¼����ÁfN�. ÿÁ PM-DNN �Or5U�, ·�©O©Û PM-DNN Äg���Or�ÑÌÝÌ��J, PM-DNN Ø\ù-Eâ±9 PM-DNN éÜ^ù-Eâ�Or�J.3µd�I¥, æ^a��Ñ�þµ��{ (Perceptual evaluation of speech quality,

PESQ)[22]!éêÌål (Log-spectral distance,

LSD)[23] ÚªÇ\�©ã&D' (Frequency

weighted segmental SNR, fwSNRseg)[24] 5©Oµ�Or�Ñ��þÚOr�{�¢S5U. Ù¥ PESQ ´ ITU-T í��µ��{, ´�«U
µd�ÑÌ*Áf�J��*O��{, �±é�/Cq²þ¿��© (Mean opinion score, MOS),

PESQ �����Ǒ −0.5∼ 4.5, �©�p`²�{Or�J��. LSD ïþXÀ�ÑÚOr�Ñ�m�éêÌål, Ù���Ñ�þ¤�', =����L«���Or�J. fwSNRseg ´ïþOr�{éD(³�Uå��I, §´ò©ã&D'
(Segmental SNR, SNRseg) *��ª�. ª�©ã&D'�{`u�� SNRseg �/�3uO\
éªÌþØÓª��\ØÓ�­�(¹Ý. LSD Ú
fwSNRseg �O�úª©OǑ:

LSD =
1

M

M−1
∑

m=0

√

√

√

√

1
L

2
+ 1

L

2
∑

l=0

10lg
|S(m, l)|2

|Ŝ(m, l)|2
(27)
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fwSNRseg =

10

M

M−1
∑

m=0

k
∑

j=1

Bjlg

[

F 2(m, j)

(F (m, j) − F̂ (m, j))2

]

k
∑

j=1

Bj

(28)ª¥, M ´o�&Òvê, S(m, l) Ú Ŝ(m, l) ©OǑXÀ�ÑÚOr��Ñ²Lá�Fp�C���1 m v�1 l �ªÌ©þ, Bj ´1 j �ª���­, k ´ª��ê, F (m, j) ´1m vXÀ&Ò�1
j �ª��ÈÅ�ÌÝ, F̂ (m, j) ´Or&Ò3�Óª��ÈÅ�ÌÝ.

3.3 ¢�(J9©Ûã 4 �Ñ PM-DNN 8I¼ê¥��­ α Ú βé 20 «D(� PESQ þ�KǑ. �±wÑ, PM-

DNN 8I¼ê�
�ü���­éOr5U�KǑ¿Ø�, ùL²3Ø���DÂ�, ��8I¼ê¥
�ü��3, �ä²L�X��S�Ôö, Ò�±��Or�J����ä��ëê.

ã 4 PM-DNN 8I¼ê¥��­ α Ú β é 20 «D(�
PESQ þ�KǑ

Fig. 4 The PESQ scores of PM-DNN objective function

with different α and β (For each condition, the numbers

are the mean values over all the 20 noise types.)L 1 �Þ
3ØÓ&D'e, 4 «Or�{éu 20«ØÓD(�¸� PESQÿþþ�, ù
ÿþ�L² PM-DNN �{3 4 «ØÓ&D'e, Ñk�u NMF, DNN Ú IRM-DNN �Or�J. NMF�{�Ø´Ä^^ù-��?n, PESQ ��å¿Ø�, �kïÄuy NMF �{|^^ù-�±Jp&
�ý' (Signal to distortion ratio, SDR)[25],Or���Ñfå5Ǒ�g,. DNN �{^^ù-Eâ�J��, 
 IRM-DNN Ú PM-DNN KØ�

^^ù-Eâ�J��, ù´ÏǑ DNN ��±�ÑÌÝÌ�ǑÔö8I, 
 IRM-DNNÚPM-DNN´òÛª�ù-¼ê�ǑÔö8I. é' PM-DNN

(First output) Ú DNN �±wÑ, �X&D'�Jp, PM-DNN (First output) �Or�J� DNN��å3Åì~�. ò PM-DNN � DNN Ú NMFé'�±wÑ, &D'�p, PM-DNN �Or5UJ,�²w, ù´du&D'�p, �� PM-DNN�O�1�gOr�Ñ�ÌÝÌ�5�O(, ���â§O�Ñ�ù-K�Ǒ�O(, Or�JǑ�5��.ã 5 �Ñ
 4 «Or�{éu 20 «ØÓD(, 3 4 «&D'e� PESQ ÿþþ�. �±wÑ,éu3Ôö8¥Ñy� 15 «D(, Ø
 CicadasD(, DNN �{�Or�JÑ��u NMF �{,
 IRM-DNN �Or�J�� DNN qk²wJp. PM-DNN �{Äg���Or�Ñ�J�fu DNN, ��Ü©D(eOr�J`u NMF �{,� PM-DNN O\a�ù-���, PM-DNN 3Äg���Or�ÑÌÝÌÄ:�þ�Jk
wÍJp, �Ø´Ä|^^ù-Eâ, �JÑ����u
NMF, DNN Ú IRM-DNN �{, ùL² PM-DNN��Ôöa�O�¼ê���ÄgOr�ÑÌÝÌ¿Ø´�`�, ù´ÏǑòa�O�¼ê±9 DNN�Ǒ���N?1Ôö, Ôö����ä������ëê�y�ªÑÑ(J´���, �¿ØU�y¥m�,�ÑÑǑ´���. éu3Ôö8¥vkÑy� 5 «D(, DNN �Or�Jk¤eü, ù´ÏǑ DNN Ôö�vkÆ�ù
D(�(�A:,�z5U¿Ø´é�, �·�JÑ� PM-DNN éuÔö8¥vÑy�D(�,ké��Or�J,==3Motorcycles e�J�fu NMF, ��¡ÏǑ NMF �ò�u�Ø Motorcycles ùaäk$�­E5(��D(, ,��¡Ò´TD(vkÑy3 PM-DNN Ôö8¥.ã 6Úã 7©O�Ñ
 4«Or�{éu 20«ØÓD(, 3 4«&D'e� LSDÿþþ�Ú fwS-

NRsegÿþþ�. lã 6�±wÑ, éu3Ôö8¥Ñy� 15«D(, PM-DNN��uNMF, DNNÚ
IRM-DNN Ñk�$� LSD �, �3 Frogs, Jun-

gle Ú Birds D(e� DNN �J±², L²æ^
PM-DNN Or�{����Ñ�ý�é NMF Ú
DNN ��. éuÔö8¥vkÑy� 5 «D(,

DNN 3 Exhibition Ú Subway D(e, LSD �I��u NMF. IRM-DNN 3 LSD �I�Ly�JǑ¿Ø�, PM-DNN =3Motorcycles D(e�fu NMF Ú DNN, 3 Subway D(e� IRM-DNN±², Ù��¹e, PM-DNN � LSD �Ñ�$u 3



2Ï ¸��: Äua�ù-�Ý ²�ä�üÏ��ÑOr�{ 255

ã 5 4 «Or�{3 20 «ØÓD(�¹e� PESQ � (z«D(� PESQ �´3 −5 dB, 0 dB, 5 dB Ú 10 dB 4 «&D'e�²þ�.)

Fig. 5 The PESQ scores of the 4 enhancement methods for the 20 noise types (For each noise type, the numbers are the

mean values over four input SNR conditions, i.e. from −5 dB to 10 dB spaced by 5 dB.)

ã 6 4 «Or�{3 20 «ØÓD(�¹e� LSD � (z«D(� LSD �´3 −5 dB, 0 dB, 5 dB Ú 10 dB 4 «&D'e�²þ�.)

Fig. 6 The LSD values of the 4 enhancement methods for the 20 noise types (For each noise type, the numbers are the

mean values over four input SNR conditions, i.e. from −5 dB to 10 dB spaced by 5 dB.)

ã 7 4 «Or�{3 20 «ØÓD(�¹e� fwSNRseg � (z«D(� fwSNRseg �´3 −5 dB, 0 dB, 5 dB Ú 10 dB 4«&D'e�²þ�.)

Fig. 7 The fwSNRseg values of the 4 enhancement methods for the 20 noise types (For each noise type, the numbers are

the mean values over four input SNR conditions, i.e. from −5 dB to 10 dB spaced by 5 dB.)
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Table 1 The PESQ scores of different methods at four different input SNR levels (For each condition, the numbers are

the mean values over all the 20 noise types.)

SNR(dB) NMF DNN IRM-DNN PM-DNN(First output) PM-DNN NMF(Mask) DNN(Mask) IRM-DNN(Mask) PM-DNN(Mask)

−5 1.705 1.740 1.787 1.732 1.875 1.701 1.775 1.740 1.834

0 2.002 1.995 2.061 1.996 2.165 1.995 2.034 2.015 2.122

5 2.261 2.194 2.350 2.256 2.445 2.262 2.284 2.308 2.411

10 2.524 2.350 2.631 2.518 2.714 2.520 2.535 2.596 2.691«é'�{, ùL² PM-DNN Q��y�Ñ�ý��qkû���z5U. lã 7 �N�éD(³�Uå� fwSNRseg �I�±©Û�Ñ, NMF �{q�ØõuJpªÇ\�©ã&D'��, 
·�¤J� PM-DNN �{3ý�Ü©D(�¹e,Ñk�u DNN Ú IRM-DNN � fwSNRseg �, ùL² PM-DNN �{3D(³��¡�5U�`u
NMF, DNN Ú IRM-DNN. LSD Ú fwSNRseg ù
ÿþ�Ñ?�Ú�y
�©�{äkû��Or5U.Ǒ, PESQ �!LSD ÿÝ±9 fwSNRseg ÿÝÑ�NÑ�©�{�û�5U, �ù 3 ��I�´3÷*þ�N
�©�{�5U, Ǒ
��/*	ÑOr�Ñ&Ò�[!AÆ, �©�Ñ
 4 «Or�{éuÑ\&D'Ǒ 5 dB, � F16 �ÅD(¤À/�XÀ�Ñ?1Or
���Ìã, Xã 8 ¤«. dã 8 ��, 3 2 750 Hz �ª�NC, �^
NMF ?1Or�(J�,�3�þD(í3, ��
aqÑWD(�ÁfaÉ, 
 DNN �' NMF �ØD(��J��éõ, �3�
$ªã�k�f�í{D(, 
�© PM-DNN �{3k��ØpªD(�Ó�, é$ªD(Ǒké��?n, �'u
DNN �D�J�²w. PM-DNN U
3k��ØD(�
Je, ��/�±�Ñ&Ò��k�ÅA5, Or�J²w`u NMF Ú DNN �{.

4 (Ø9�"�©JÑ�«#L��Ý ²�ä(�5¢yüÏ��ÑOr?Ö, T�ä(�(Ü
<a%n(Æ�A:, ò��äkù-K��å�a�O�¼êÚ�D�ÑÌÝÌéÜ`z. ÏLéØÓ&D'e� 20 «ØÓD(?1��ý¢�L², T�ÑOr�{� PESQ, LSD 9 fwSNRseg Or5U�IÑwÍ`u�KÝ
©)�{Ú~���Ý ²�ä�{, �Ø3p&D'�´$&D'�D(�¸e, Ñké��Or�J, U
3�3�Ñ&Ò�k�ÅA5�Ó�é�/£ØD(.

ã 8 �Ìã
Fig. 8 Spectrograms



2Ï ¸��: Äua�ù-�Ý ²�ä�üÏ��ÑOr�{ 2573�5�ó�¥, ��éXÛJp�äÔöL§¥^5O�ù-K��XÀ�ÑÌÝÌ��O�5?1ïÄ, l
�?�ÚJp�ä�Or�J.
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