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Speech Corrupted by Colored Noise
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Abstract—A generalized subspace approach is proposed for of the space into two subspaces can be done using either the
enhancement of speech corrupted by colored noise. A nonunitary singular value decomposition (SVD) [7], [8] or the eigenvalue
transform, based on the simultaneous diagonalization of the clean decomposition (EVD) [3]-[6].

speech and noise covariance matrices, is used to project the noisy .

signal onto a signal-plus-noise subspace and a noise subspace. The SVD-based .method propo§ed by Dendrirosl. [7], .
The clean signal is estimated by nulling the signal components Was based on the idea that the eigenvectors corresponding to
in the noise subspace and retaining the components in the signalthe largest singular values contained signal information, while
subspace. The applied transform has built-in prewhitening and the eigenvectors corresponding to the smallest singular values
can therefore be used in general for colored noise. The proposed .yniained noise information. The enhanced signal was recon-

approach is shown to be a generalization of the approach proposed . . . . .
b)F/)pEphraim and van Treesg for white noise. Twopepstimatoprs evere structed using only the information associated with the largest

derived based on the nonunitary transform, one based on time-do- singular values. Large SNR gains were found for speech cor-
main constraints and one based on spectral domain constraints. rupted in white noise. Jensen al. [8] extended the approach
Objective and subjective measures demonstrated improvements py Dendrinoset al.[7] to colored noise using the quotient SVD
over other subspace-based methods when tested with TIMIT (3gyp) Rather than arranging the signal data in a Toeplitz ma-
sentences corrupted with speech-shaped noise and multi-talker ;' - -
babble. trix, they arranged the data in a Hankel matrix and computed
_ _ _ the least squares estimate of the signal-only Hankel matrix. The
Index Terms—Colored noise, KLT, noise reduction, speech en- QSVD was found to be computationally expensive and provided
hancement, subspace-based method. . - . .
no method for shaping or controlling the residual noise.
A different formulation to subspace-based methods for
|. INTRODUCTION speech enhancement was provided by Ephraim and Van Trees
(EV) in [3]. EV seeked for an optimal estimator that would
linimize the speech distortion subject to the constraint that
residual noise fell below a preset threshold. Using the
genvalue decomposition of the covariance matrix, EV showed

speech distortion, and particularly “musical noise.” Althoug at the decomposition of the vector space of the noisy signal

several methods (e.g., [1], [2]) were proposed to reduce speé'?:t}‘? a signal and noise subspace can be obtained by applying

distortion, it was done at the expense of introducing residdgge Karhunen—Loéve transform (KLT) to the noisy signal.

noise. Understanding that a compromise needs to be made be* .KLT components representing the signal subspa_ce were
tween residual noise and speech distortion, several researc ¢ ified by a gan function determined by th.e estlmatc_)r,
proposed the use of subspace-based methods which attemﬁ“ € the remaining KLT components representing the noise
minimize the speech distortion while keeping the residual noi%_! space were nulled. The _e_nhanced signal was c_>bta_|ned from
below a preset threshold [3][6]. the inverse KLT of the modified components. Subjective tests

The idea behind subspace methods is to project the noi@§i$atedh that r:he Stjjpgpacra approalc h yti)eldeq better speﬁch
signal onto two subspaces: the signal-plus-noise subspaceq ity than the traditional spectral subtraction approach.

simply signal subspace (since the signal dominates this Slﬁ)\{,s formulation of the subspace approach was based on the

space), and the noise subspace. The noise subspace containgggg"—mpt'on that the input noise was white.

nals from the noise process only, hence an estimate of the clea ittal and Phamdo [4] and Rezayee and Gazor [5] later

signal can be made by removing or nulling the components @ftende.d.EV’s work tq colored. noise. In [4], the_y foc.used
al providing proper noise shaping for colored noise without

the signal in the noise subspace and retaining only the comB . . o ;
nents of the signal in the signal subspace. The decomposit ﬁWh'te,nmg' To do that, Fhey first CIaSS'f.'ed the noisy speech
rames into speech-dominated and noise-dominated frames
and used a different KLT matrix for these frames to construct
Manuscript received January 30, 2002; revised February 23, 2003. This wille estimator. Objective results showed that their approach
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dallas.edu; loizou@utdallas.edu). fo a suboptimal estimator, however, subjective results showed
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UE TO its low complexity and high efficiency, the
spectral subtraction algorithm is perhaps the most po
ular speech enhancement algorithm used today. The m
drawback of spectral subtraction, however, is the incurrence
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produced by their estimator over the quality of speech producee can obtain the optimum linear estimator by solving the fol-
by EV'’s estimator. lowing time-domain constrained optimization problem [3], [5]
In this paper, we derive a generalized subspace approach with

i 22
built-in prewhitening for enhancing speech corrupted with col- M Ex
ored noise. Unlike [5], we make no assumptions about the co- subiect to: 1 & < 2 7
variance matrix of the KLT-transformed noise vectors, hence ) Kn=C

our estimator Is optlm_al. We show that the '_EV estimator IS fheres2 is a positive constant. The solution to (7) is given by
special case of our estimator when the noise is white. Followi

EV, we derive two different estimators, one based on time-do-
main constraints and one based on spectrum domain constraints. Hopt = Ry (Ry + puRyp) ™" (8)
This paper is organized as follows. In Section Il, the proposed
approach using time-domain constraints is presented. Sectiowhere ik, and R, are the covariance matrices of the clean
also proves that the spectral subtraction method by [1] can $Reech and noise respectively, anid the Lagrange multiplier.
reformulated as a constrained minimization problem. In Sec-Equation (8) can be simplified using the eigen-decomposition
tion 1ll, the proposed approach using spectrum domain copf Bx = UALUT to:
straints is described. Implementation details and experimental . T -1 .7
results are given in Sections IV and V respectively, and the con- Hopr = Ul (A pU" BaU) U ©)
clusions are given in Section VI. whereU is the (unitary) eigenvector matrix am, is the diag-
onal eigenvalue matrix oR,. Note that for white noise with
Il. SUBSPACE APPROACHBASED ON TIME DOMAIN varianceo?2, R, = o2I and the above estimator reduces to
CONSTRAINTS(TDC) the Ephraim and Van Trees’ estimator [3]. In [5], the matrix

T X i .
In this section, we first derive the linear optimal estimatog EnU was approximated by the diagonal matfix
wh|9h minimizes the speech distortion using time-domain conn  — diag(E(|u1Tn|2) 7E(|u§n|2) L ,E(lu};nlz))
straints, and then show that the well-known power spectrum
over-subtraction method proposed in [1] can also be reformu- (10)
lated in a similar way. whereu;, is the kth eigenvector ofR,, andn is the noise
vector estimated from the speech-absent segments of speech.
The above approximation yielded the following estimator [5]:

Hopr = UDN(Ax + pln) 1UT. (11)

A. Principles

A linear signal model is assumed for the clean signal
x=V-s (1) Because of the approximation in (10), the estimator used in [5]
was suboptimal. Next, we present an optimal [in the sense of
(7)] estimator suited for colored noise.
Computer simulations indicated that the maiiX R,U in
R, A E{x-xT} =R, T @) (9) was not diagonal, although in some cases it was nearly di-
agonal. This was not surprising, sinde being the eigenvector
whereR; is the covariance matrix of the vectorassumed to matrix of the symmetric matrixz,, diagonalizesiz, and not
be positive definite. The rank dt, is M, hence ithask — M  Rx. Rather than trying to approximaté” R, U, we looked for
zero eigenvalues. a matrix that would simultaneously diagonalizg andR,,. It
Given the above signal model, and assuming that the nok&n be shown [9] that such a matrix exists and can simultane-
signal is additive and uncorrelated with the speech signal, wesly diagonalize the two matrices in the following way:
can write the corrupted signal as: VIRV = A,

y=U.s+n=x+n (3) VIR,V =1 (12)

wherey, x andn are thek -dimensional noisy speech, C|e‘,ju,yv_hereAx ar_de are the eiglenval_ue matrix and eigenvector ma-
speech and noise vectors respectively.tet H -y be alinear trix respectively o = R, "Ry, i.e.,

estimator o_f the clean speegh vyhereH is_ aK X _K matrix. SV = VA,. (13)
The error signat obtained by this estimation is given by

whereV is aK x M matrix whose rank i3/ (M < K), ands
isanM x 1 vector. The covariance matrix &fis given by

It can be shown thak, is a real matrix [10], assuming tha,
e=x—x=(H-1)-x+H n=¢g;+ée, (4) is positive definite. Note that the eigenvector matrixis not
. ] orthogonal, and that the rank of the matbixis M since rank
wheree, represents the speech distortion apdepresents the (Rx) = M. Applying the above eigen-decompositionfto

residual noise [3]. Defining the energies of the signal distortiq@), and using (12), we can rewrite the optimal linear estimator

2 and the energies of the residual noigeas as
22 = [eTey] = tr (E [exel]) (5) Hope = RV Ax (A + ul) VT
2 =F [elen] = tr (E [enel]) (6) =V T Ax(Ax + D)V, (14)
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It can be shown that must satisfy large residual noise. Hence, a compromise between residual
L noise and speech distortion needs to be made by an appropriate
ot = = tr{(vTv)‘1 AZ(Ay + ;LI)—Z} . (15) choice ofy.

Ideally, we would like to minimize the speech distortion in
The enhanced signalis obtained by applying the transformsPeech-dominated frames since the speech signal will have a
VT to the noisy signal, appropriately modifying the Compomasking effect on noise. Similarly, we would like to reduce the
nents of 7y by a gain function, and then taking the inversgesidual noise in noise-dominated frames. To accomplish that,
transform {7 of the modified components. The gain matrixVe can make the value @f dependent on the short-time SNR.
G = Ax(Ax + pI)~ 1 is diagonal and itéth diagonal element We therefore chose the following equation for estimaiing
grr Can be written as

= o — (SNRap)/s (20)
AP .
_d k=1,2, ..., M 16 where 1o and s are constants chosen experimentally, and
ek =N A+ p (16) SNRig = 10log;, SNR. Note that a similar equation was
0, k=M+1,..., K used in [1] to estimate the over-subtraction factor in spectral

subtraction. We believe that the proposed method which uses a
where){"” is thekth diagonal element of the eigenvalue matrixyariable, obtains a better trade-off between speech distortion
Ax andM is the rank of the matri¥x: and the assumed dimen-and residual noise than the approach in [3], [6] which used a
sion of the speech signal subspace. Note that in our 85g, fixed value of, regardless of the frame SNR.
is not the Karhunen—Loéve transform (KLT) pf However, as  Since we know from (12) that the eigenval’ is equal to
we show below, if the noise is Whité(,Ty becomes the KLT of the signa| energy a|0ng the Corresponding eigen\/e@t(ﬁi’_e_,

y ALY = E(|vTx|?)], we can derive the estimate of the SNR value

Comparing the above estimator given in (14) with the corr@irectly in the transform domain using the following equation:
sponding linear estimator obtained for white noise in [3], we can

see that both estimators have the same form. In fact, the Ephraim M

(k)
and Van Trees’ estimator [3] is a special case of the proposed es- tr (VTRXV) k; Ax
timator in (14). For white nois®,, = 021, andV becomes the SNR= tr (VIR,V) - K (21)

unitary eigenvector matrix{) of R, sinceX = (1/02)Rx,
and the diagonal matrix, becomeg1/02)A, whereA, is Note that the above SNR definition reduces to the traditional
the diagonal eigenvalue matrix & . Therefore, for white noise SNR definition oftr( Ry )/tr(Ry,) for an orthonormal matri¥’”.
(14) reduces to _ _
C. Reformulation of the Power Spectrum Subtraction Method
-1
Hopt = UN (Ax + popd)” U (17)  To reduce the musical noise incurred by the spectral sub-

o _ L traction algorithm, Beroutet al. [1] proposed the use of an
whichis the Ephraim and Van Trees'’ estimator [3]. The proposgger-subtraction factor and the use of a spectral floor. The

approach is therefore a generalization of the subspace approgglic idea is to subtract more from the noisy speech spectrum
developed in [3] and can be used for both white and colorgghen the noise dominates the current frame, i.e., in low-SNR
noise. In fact, the proposed approach makes no assumptifgnes, and subtract less in speech-dominant frames, i.e., in
about the spectral characteristics of the noise. high-SNR frames. Next, we prove that this power spectrum
For the above proposed estimator, we need an estimate ofd{igtraction approach can be formulated as the solution to a con-
matrix X. Since we have no access to the covariance matdiained optimization problem that minimizes the energy of the
of the clean speech signal, we can estimiétom the noisy gpeech distortion in the frequency domain while maintaining
speech'signal as follows. Assuming that speech is uncorrelajgd energy of the residual noise below a preset threshold.
with noise, we have We denote theV-point discrete Fourier transform matrix by

Ry = Ry + Ry (18)
1 1 R 1
and so 1 1 edwo eI (N=1)wo
F=—1: : . : (22)
Y =R;'Ry = R;'(Ry — Rn) = R;'Ry — I.  (19) N N RN,
1 ed(N=Dwo ... gi(N=1)(N-1)wo
B. Estimatingu wherewy = 2x/N. The Fourier transform of the noisy speech

. . . ) . vectory can then be written as
The estimation ofy in the gain function (16) affects the

quality of speech as it controls the tradeoff between residuaiy(w) =FH.y=FH . x4+ FH . n= X(w) + N(w) (23)
noise and speech distortion. A large valug.afiould eliminate

much of the background noise at the expense of introducinfiereX(w) and N(w) are theN x 1 vectors containing the
speech distortion. Conversely, a small value ofwould spectral components of the clean speech vectamd the noise
minimize the speech distortion at the expense of introducingctorn, respectively.
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LetX (w) = G- Y (w) be the linear estimator & (w), where spectrum of the clean signal. As can be seen, the gain functions
GisaN x N matrix. The error signal obtained in this estimatiorn (30) and (31) have the same form. It is interesting to note

is given by that the over-subtraction factarin [1] plays the same role as
. the Lagrangian multiplier in this paper, in that it controls the
e(w) =X(w) = X(w) trade-off between speech distortion and residual noise.
=(G@-1) X(w)+ G-N(w)
=&, (w) + en(w) (24) [ll. SUBSPACEAPPROACHBASED ON SPECTRUM DOMAIN
CONSTRAINTS (SDC)

wheree, (w) = (G —I)-X(w) represents the speech distortion
in the frequency domain angl,(w) = G - N(w) represents
the residual noise in the frequency domain. After defining t
energy of the frequency domain speech distortidriw), and
the energy of the frequency domain residual naidéw), as

The TDC estimator proposed in the previous section did not
ovide for any noise spectral shaping for possible masking by
the speech signal. In this section, we derive a linear estimator
based on spectral constraints. The idea behind the spectrum do-
main constrained (SDC) linear optimal estimator is to minimize

e2w)=E (Ef(w) £x(w )) = tr(E (ax(w) .Ef(w))) the signal distortion subject to constraints on the shape of the
_tr( )-FH. R . F. (G- I)H) (25) spectrum of the residual noise [3].
Specifically, suppose that thgh spectral component of the
E (efl( (w)) = tr(E (en(w) - ef (w))) residual noise is given by/e,,, wherev, is the kth column
r(G FH R F. GH) (26) vector of the eigenvector matrix &f = R,'R.. Fork =
1, ..., M, we require the energy inle,, to be smaller than
we can obtain the optimal linear estimator by solving the fobr equal toay, (0 < ay < 1), whilefork = M + 1, ..., K,
lowing constrained optimization problem: we require the energy in] e, to be zero, since the signal en-
[ ergy in the noise subspace is zero [3]. Therefore, the fiités
mn 5 (w) designed by
subject to:% e2(w) < o? (27) min e2
whereo? is a positive number. The estimator derived this way E{|va,en|2} <ap, k=1,2,.... M
minimizes the energy of the frequency domain speech distortion subject to: )
while maintaining the energy of the frequency domain residual E |Ug€n| } =0, k=M+1,..., K.
noise below the preset threshetd. (32)
Using the Lagrange method to solve the above problem, it can
be shown that? satisfies the following equation: The optimal estimator, in the sense of (32), can be found using

= = . the method of Lagrange multipliers. It can be shown that the
G (F B - FA-p- 7 - B F) =F"-Rx-F. (28) optimal H must satisfy the following matrix equation:

Note that in the Beroutét al. [1] method, the gain is applied HR. + LHR. — R. = 0 (33)
to each frequency component individually, heizehould be a * v
diagonal matrix. The matriceB” - R, - F andF" - R, - F whereL = VA,V7, andA, = diag(u, ..., k) is a di-

are asymptotically diagonal [11] (assuming thfat and R, agonal matrix of Lagrangian multipliers. Using (12), we can
are Toeplitz) and the diagonal elementsfof - R, - F and rewrite (33) as

FH . R, - F are the power spectrum componefsw;) and

Pa(w;) of the clean speech vectarand noise vectai, respec- VIHV T A+ VIVAVTHV T — A, =0 (34)
tively. Denoting the diagonal elements@fby g(w; ), (28) can

be written as which can be further reduced to the following equation:

9(@;) - (Pe(w;) + ju- Pa(wi)) = Pe(ws).  (29) QAx +VIVA,LQ = Ax (35)
The gain functiong(w;) for the frequency component; is WhereQ = VT HV ~T. Note that for white noise, (35) reduces
therefore given by to the same equation given in [3, p. 255] for the spectral domain
estimator.
g(wi) = Px(wi) . (30) The above equation is the well known Lyaponov equation en-
Py(wi) + p - Pu(wi) countered frequently in control theory. The Lyapunov equation

can be solved numerically using the algorithm proposed in [12].
Explicit solutions can be found in [13, p. 414]. After solving for
Q in (35), we can compute the optim&l by

In [1], the gain functiorny’(w;) for the frequency component
w; was given by
iy Dlwi) D(wi)
9@ = B ) = Dl 1 P (31) Hopr =V™TQVT. (36)

where P, (w;) is the power spectrum of the noisy signal, an®epending on the assumptions made about the structure of
D(w;) = Ps(w;) — a - Py(w;) is the estimate of the powerthe matrix@, we derived two different estimators. In the first
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method, which we refer to as spectral domain constrain methiodise, and showed that a better method to select the value of
1 (SDC1), we make no assumptions about the structure of ibeo let it vary according to the segmental SNR. Since (39) can
matrix Q. In that method, the Lyapunov equation (35) is solvele interpreted as a multiband version of (16), it seems reason-
in each frame forQ, and from that the optimal estimator isable then to lej:; vary with the estimated SNR value of each

solved according to (36). spectral component, i.e.,
In the second method, which we refer to as spectral domain
constrain method 2 (SDC2), we assume that the méris di- e = po — (SNRy) /s (44)

agonal. We further assume that the matiXV is nearly di-
agonal. Making those two assumptions simplifies the soluti
of the Lyapunov equation (35) a great deal. D&Y be thekth
diagonal element of the matrix, andg, be thekth diagonal
element of@Q, (35) can then be rewritten as

= 1o — AR
(A9 llowl - ) -t = AL (37) e = o = X (49)

where ands are experimentally chosen.

Y¥here SNR is the SNR value of théth spectral component.
The value of SNRis simply/\§f) , Since in the transform domain
the noise energy along the corresponding eigenvegtisrequal
to one [see (12)]. Thg, values are then computed as

andqy, can be solved as

)\,((k) V. IMPLEMENTATION
Gk = k=1,2,..., K. (38) _ _ _ _ _ _
Ax okl - e In this section, we give the implementation details of the three

Without loss of generality, we can make the normvpequal to methods developed in this paper.

1 and rewrite the above solution as A. Implementation of the TDC Estimator

k
)\gc : E=1.2 M The proposed TDC approach can be formulated in the fol-
gk =9 AP 4o Y (39) lowing six steps. For each speech frame:
0, k=M+1,..., K. Step 1: Compute the covariance matrik, of the noisy

signal, and estimate the matdix= R, 'R, — I using (19). The

Comparing (39) and (16) we can see that (39) can be interprefgflse covariance matrig,, is computed using noise samples
as a multiband version of (16) in that it uses a different value gjlected during speech-absent frames.

u for each spectral component. Note that (38) is similar to the gtep 2: Perform the eigen-decomposition Xf
corresponding equation in [3], with tHe, || in place of the

noise variance>. SV = VA,. (46)
Using the above) and the assumption that” V' is nearly
diagonal, we have Step 3: Assuming that the eigenvalues Bfare ordered as
) A > A? > Lo > A estimate the dimension of the
E{|vasn|2} - {qklw k=1,...,M (40) speech signal subspace as follows:
0, k=M+1,..., K.
_ (k)
If the nonzero constraints in (32) are satisfied with equality, then M = arg max {)‘x > 0} : (47)
q?, = ay, suggesting that '
Step 4: Compute the: value according to
_ 1/2 _
qrk = Ok ) k_lv,M (41)
( ) o — (SNF\)(1B)/S7 -5 < SNRyp < 20
and p=11 SNRyp > 20 (48)
(k) 1/2 _ N = < _r
e {)\x [(1a)V2=1], k=1,..., M “2) 5 SNRis < -5
0, k=M+1,..., K. whereguy = 4.2, s = 6.25, SNR;z = 10log;, SNR and SNR

Sincep, > 0, the Kuhn—Tucker necessary conditions [14] folS compu.ted as per (21). _ _ _
the constrained minimization problem are satisfied by the solu-SteP 5: The optimal linear estimator is computed as follows:

tion in (39). From (36) and (39), we conclude that the desired \(®)
H is given by X k=1,2,....M
o =43P TR
_ _(k_?_x L k=1,2,..., M 0, k=M+1,...,. K
ek =\ Ax” + pik G =diag{gi1, ..., gum}
0, k=M+1,...,K Gi 0] 1
s ’ H,,; =R,V \%4
Q =diag(qi1, g22, - -, 4K K) vt [ 0 0}
_ T T
H=V"QV". (43) —y-T [%1 8} VT (49)

In the previous section, we pointed out that the valye adn-
trols the trade-off between the speech distortion and the residuabtep 6: Estimate the enhanced speech signatby H,,;-y.
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Fig. 1. Spectrum of speech-shaped noise used in this study.
B. Implementation of the SDC1 Estimator study, we constructed a Toeplitz covariance matrix fromkihe

The proposed SDC1 approach can be formulated in six steﬁ@fnples of the unbiased autocorrelation sequence. Unlike [3],

the first three of which are the same as the TDC approach. we did not use future or past frames to estimate the covari-
Step 4: Initialize the diagonal matriA,, in (35) with iy, (1 < ance matrix. In fact, we found that the objective performance

k < K) given by of the estimators that used future and past frames to estimate
- the covariance matrix was not as good as when a single frame

o\ _r /
Ho = AL/, 5 <A <20 of speech was used, although the speech quality was compa-

pe =191 A, =20 (50) rable. To keep the computational complexity to a minimum, we
20 N <=5 choseK = 40 samples for speech sampled at 8 kHz. The noise
. (k) covariance matrid?, was estimated using the first few silence
whereyp = 16.2, s = 1.32, andX;, = 10log; Ax . ~ frames in the test sentences. No voice-activity detector (VAD)
Step 5: Solve for theQ matrix in the Lyapunov equation \yas used to update the noise covariance matrix
(35), and from that obtaittf,,; as The estimators were applied to frames of the noisy signal
Hp = v-TQvT. which overlapped each other by 50%. Rectangular windows

The numerical techniques given in [12] can be used to solve g€ used to estimate the covariance matrices. The enhanced
Lyapunov equation. speech signal was Hamming windowed and combined using the

Step 6: Estimate the enhanced speech signakby:H,,,-y. ©veriap and add approach [15].

C. Implementation of the SDC2 Estimator

The proposed SDC2 approach can also be formulated in six
steps, the first three of which are the same as the TDC approacH:0r evaluation purposes, we used 20 sentences from the
Step 4: Computey;, for each component according to (50)TIMIT database. The sentences were produced by 10 male and
except that the maximum value pf, was set to 5 rather than 10 female speakers. For colored noise, we used speech-shaped
20, andug = 4.2, s = 6.25. noise and multi-talker babble (seven talkers) added to the
Step 5: The optimal linear estimator is computed using (43klean speech file at SNR= 5 dB. The speech-shaped noise,
Step 6: Estimate the enhanced speech signakby:H,,;-y. included in the HINT database [16], was computed by filtering
) ) white noise through an FIR filter with frequency response that
D. Implementation Details matched the long-term spectrum of the sentences in the HINT

The proposed estimators require accurate estimates of tedabase. The spectrum of the speech-shaped noise is shown in
corrupted and noise covariance matrideg,andR,, [3]. Inour Fig. 1.

V. RESULTS
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TABLE |
COMPARATIVE PERFORMANCE FORSPEECHSHAPED NOISE AT5 dB, IN TERMS
OF MEAN ITAKURA—SAITO DISTANCE MEASURE, FOR 20 TIMIT SENTENCES
PRODUCED BY TEN MALE SPEAKERS AND TEN FEMALE SPEAKERS

TABLE 1l

IEEE TRANSACTIONS ON SPEECH AND AUDIO PROCESSING, VOL. 11, NO. 4, JULY 2003

COMPARATIVE PERFORMANCE FORSPEECHSHAPED NOISE AT 5 dB, IN TERMS
OF MEAN OVERALL AND SEGMENTAL SNR VALUES (SNR/SNRSEG), FOR 20
TIMIT SENTENCESPRODUCED BY TEN MALE AND TEN FEMALE SPEAKERS

Male Speakers | Female Speakers Male Speakers | Female Speakers
Noisy Speech 2.00 2.17 Noisy Speech 5.07/-220 5.07/-2.10
TDC Approach 1.26 1.36 TDC Approach 8.66 / 0.75 8.55/0.33
SDC1 Approach 1.70 1.83 SDC1 Approach -0.65 / -4.91 -0.69 / -5.04
SDC2 Approach 1.28 1.38 SDC2 Approach 8.51/0.57 8.39/0.14
Approach in [5] 1.34 1.47 Approach in [5] 0.33 /7 -3.06 0.22/-3.55
TABLE I

The Itakura—Saito (IS) distance measure, the overall (glob@Bvearative PERFORMANCE FORMULTI-TALKER BABBLE AT 5 dB, IN TERMS

SNR and the segmental SNR [15] measures were adopted f@rMEAN ITAKURA—SAITO DISTANCE MEASURE, FOR 20 TIMIT SENTENCES
PRODUCED BY TEN MALE AND TEN FEMALE SPEAKERS

evaluation of the proposed algorithms. For the IS distance

measure, the largest 5% of the IS distance values were dis-

. o Male Speakers | Female Speakers
carded, as suggested in [17], to exclude unrealistically large .
spectral distance values. For the segmental SNR, only frames  Noisy Speech 1.79 1.93
with segmental SNR values greater thahO dB and less than TDC Approach 1.80 2.11
35 dB were considered. For com_paranve purposes, we also SDC1 Approach 77 189
implemented and evaluated a version of the approach in [5].

Tables | and Il give the mean results in terms of the three ob-  SDC2 Approach 1.80 2.07
jective measures for 20 TIMIT sentences corrupted by speech-  Approach in [5] 1.49 1.63
shaped noise at 5 dB. The results are given separately for male
and female speakers. As can be seen from Tables | and Il, our
proposed approach (TDC and SDC2) outperformed Rezayee TABLE IV

and Gazor’s approach [5] for both male and female speake(F

QVPARATIVE PERFORMANCE FORMULTI-TALKER BABBLE AT 5 dB, IN TERMS
OF MEAN OVERALL AND SEGMENTAL SNR VALUES (SNR/SNRSEG), FOR 20

Particularly large improvements were noted for the two SNRrMIT SENTENCESPRODUCED BY TEN MALE AND TEN FEMALE SPEAKERS

measures. Informal listening tests confirmed that the proposed

subspace method preserved more speech information and had Male Speakers | Female Speakers
less speech distortion than the approach in [5]. The performance  Noisy Speech 5.0/-1.99 507/ -1.96
obtained with the SDC1 method, was not as good as the perfor- TDC A

mance obtained with either the TDC or SDC2 methods. This pproach | 7.71/-0.06 7.537-044
was surprising given that no assumptions were made about the SDC1 Approach | -1.41/-5.52 -1.39/-5.57
@ matrix used in the SDC1 approach. We suspect that the lower  spc2 Approach | 7.50 7 -0.18 734/ -0.57
performance can be attributed to the choice of the diagonal ma- -

trix A, i.e., the choice of the, values. Approach in [5] | -0.43/-4.12 -0.47/-4.40

Tables Ill and IV give the mean results in terms of the three
objective measures for 20 TIMIT sentences corrupted by mul{i—
talker babble at 5 dB. In terms of the SNR measures, our
proach outperformed the adaptive KLT approach in [5]. In terms
of the mean IS measures, the approach in [5], performed better

than the proposed methods. We suspect that this might be due to

0 the choice of the values. Extremely high values pf(>100)
Were needed before noticing any change in speech quality.

VI. CONCLUSIONS

the fact that the method in [5] was inherently adaptive and up-A generalized subspace approach for enhancing speech de-
dated the noise statistics correspondingly. No VAD algorithgraded by colored additive noise was proposed and linear es-
was used in our approach to update the noise covariance iti@ators using time domain and spectrum domain constraints
trix. Hence, we expect further improvements in performancewfere developed. The proposed approach is based on the si-
we use a reliable VAD algorithm to update the noise covarianoaultaneous diagonalization of the covariance matrices of the
matrix Ry,. speech signal and the noise signal. For white noise, the pro-

Listening tests revealed that the speech quality of the TD#®sed approach reduces to the estimators derived by Ephraim
and SDC2 methods was sensitive to the choice wdlues, and and Van Trees [3] for enhancing speech corrupted by white
in particular the maximum value allowed in (48) and (50). For noise. Our proposed approach makes no assumptions about
evaluation purposes, we usgd= 5 here as the maximum valuethe spectral characteristics of the noise. We showed that the
for u. Better speech quality with reduced residual noise can bpectral subtraction method proposed by [1] could also be
achieved using larger values pf(; > 20) as the maximum formulated in a similar way as the solution to a constrained
value. The SDC1 method, on the other hand, was not as sensitiiaimization problem.
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