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ABSTRACT

Noise reduction for speech signals has applications ranging from
speechenhancement for cellular communications, to front ends for
speech recognition systems. A neural network based time-domain
method called Dual Extended Kalman Filtering (Dual EKF) ispre-
sented for removing nonstationary and colored noise from speech.
Thispaper describesthealgorithm and providesaset of experimen-
tal results.

1. INTRODUCTION

While there existsabroad range of traditional speech enhancement
techniques (e.g., spectral subtraction, signal-subspace embedding,
time-domain iterative approaches, etc. [4]), suchmethodsfrequently
result in audible distortion of the signal, and are far from satisfac-
tory in real-world noisy environments. Recent neural network based
filtering methods utilize data sets where the clean speech is avail-
able as atarget signal for training. These methods are often effec-
tive within the training set, but tend to generalize poorly for ac-
tual sourceswith varying signal and noise levels (areview of neu-
ral based approaches can be found in [16]). Furthermore, the net-
work models in these methods do not fully take into account the
nonstationary nature of speech. Inthe approach presented here, we
assume the availability of only the noisy signal. Effectively, a se-
quence of neural networks is trained on the specific noisy speech
signal of interest, resulting in a nonstationary model which can be
used to remove noise from the given signal.

1.1. Nonlinear Speech Model

A noisy speech signal y(k) can be accurately modeled as a non-
linear autoregression with both process and additive observation
noise:

z(k) =
y(k) =

wherez (k) correspondsto thetrue underlying speech signal driven
by processnoisev(k), and f(-) isanonlinear function of past val-
uesof z(k) parameterized by w. The speechisonly assumedto be
stationary over short segments, with each segment having a differ-
ent model. Theavailableobservationisy(k), which containsaddi-
tive noisen(k). If f(-) islinear, this reducesto the classic Linear
Predictive Coding (LPC) model of speech.

The optimal estimator given the noisy observationsy (k) =
{y(k),y(k—1),...,y(0)}is E[x(k)|y(k)]. Themost direct way
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to approximate this conditional expectation would beto train on a
set of cleandatainwhich thetruez (k) may beused asthetargettoa
neural network. Our assumption, however, isthat the clean speech
isnever available; thegoal isto estimate = (k) itself from the noisy
measurementsy (k) alone.

In order to solve this problem, we assumethat f(-,-) isin the
class of feedforward neural network models, and compute the dual
estimation of both states # and weights w based on a Kalman fil-
tering approach. In this paper we provide a basic description of the
algorithm, followed by adiscussion of experimental resullts.

2. DUAL EXTENDED KALMAN FILTERING

By formulating the dual estimation problemin a state-spaceframe-
work, we can use Kalman filtering methods to perform the esti-
mation in an efficient, recursive manner. At each time point, the
Kaman filter providesan optimal estimation by combining aprior
prediction with anew observation. Connor et al.[3] proposed using
an extended Kalman filter with a neural network to perform state
estimation alone. Puskorious and Feldkamp [13] and others have
posed the weight estimation in a state-space framework to allow
for efficient Kalman training of aneural network. In prior work, we
extendedtheseideasto include the dual Kalman estimation of both
states and weights for efficient maximum-likelihood optimization
for robust nonlinear prediction, estimation, and smoothing [14]. The
work presented here develops these ideas in the context of speech
processing.

To apply the EKF, wefirst put the autoregression of Equation 1
and 2 in state-space form:

x(k) = Fx(k—1)]+ Bu(k) ©)
y(k) = Cx(k)+n(k), 4)
where
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z(k—1) 0
x(k) = . B= NG
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and C' = B”. If the model is linear, then f(x(k)) takes the form
w'x(k), and F[x(k)] can be written as Ax(k), where A isama-
trix in controllable canonical form. We initially assume the noise
terms v(k) and n(k) are white with known variances o and o2,
respectively.



2.1. State Estimation

For alinear model with known parameters, the Kalman filter (KF)
algorithm can be readily used to estimate the states [8]. At each
time step, thefilter computesthe linear least squaresestimate & (k)
and prediction £~ (k), aswell astheir error covariances, Px (k) and
P (k). Inthelinear casewith Gaussianstatistics, theestimatesare
the minimum mean square estimates. With no prior information on
x, they reduce to the maximum-likelihood estimates.

When themodel isnonlinear, the KF cannot beapplied directly,
but requires alinearization of the nonlinear model at the eachtime
step. The resulting algorithm is called the extended Kalman filter
(EKF), and effectively approximates the nonlinear function with a
time-varying linear one. The EKF algorithm is asfollows:

X7 (k) = F[&(k — 1), w] (6)
P (k) = A(k)Px(k — 1) A" (k) + Boy BT )
where  A(k) = % ®
K(k) = P; (k)CT(CPL (K)CT +07)7 ©)
Py(k) = (I - K(K)C)P; (k) (10)

%(k) = % (k) + K(R)(y(k) - O%~ (k). (1)

Note that the derivative in Equation 8 correspondsto the lineariza-
tion of the neural network at the current operation point. This can
be found by a single application of standard backpropagation.

When the weights w are not available, they must be replaced
by an estimate, w.

2.2. Weight Estimation

Becausethe model for the speechis not known, the standard EKF
algorithm cannot be applied directly. We approach this problem by
constructing a separate state-space formulation for the underlying
weights asfollows:

wk) = wk-1) (12)
y(k) = fx(k—=1),w(k))+o(k)+n(k), (13
wherethe state transition is simply an identity matrix, and the neu-
ral network f(x(k — 1), w(k)) plays the role of atime-varying

nonlinear observation on w. These state-space equations for the
weights allow usto estimate them with a second EKF:

W (k) =w(k—1) (14)

P (k) = Pa(k—1) a5)
Ka(k) = Pg (k) H" (k)[H (k) Pg (k)HT (k) + o7, + 07] "

(16)

Pa(k) = (I — Ka(k)H(k))Pg (k) 17

where H (k) = E)xa_—vék) (18)

w(k) =w (k) + Kw(k)(y(k) — 27 (k)). (29

The use of the EKF for weight estimation can be related to Re-
cursiveL east Squares (RL S), and thusrepresentsan efficient second-
order on-line optimization method. Note that when « is not avail-
able, it must be replaced in the weight filter by an estimate, #. A
maximum-likelihood interpretation of the EKF detailing the impli-
cationson the use of  versusz is givenin [12].
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Figure 1. The Dual Extend Kalman Filter. EKF1 and EKF2
represent the filters for the states and the weights, respec-
tively.

The linearization of the network in Equation 18 can be com-
puted as adynamic derivative (or full partial derivative) [17] to ac-
count for the recurrent nature of the state-estimation filter, includ-
ing the dependence of the Kalman gain & (k) on the weights. Un-
fortunately, the calculation of these derivatives is computationally
expensive. Alternatively, this can be avoided completely by ignor-
ing the dependenceof x(k — 1) on W in Equation 6, resulting in a
static linearization of the network. Early resultsondynamicderiva-
tivesdo not indicate performance advantagesover the static deriva-
tive. Thus, we report results only for static linearization in this pa-
per.

2.3. Dual State and Weight Estimation

The essenceof the Dual EKF algorithmis to run the state EKF and
weight EKF in parallel (see Figure 1), simultaneously updating es-
timatesof (k) and w. At eachtime step, the current estimate of x
isused by theweight filter, and the current estimate of w is used by
the state filter. For finite data sets, the algorithm is run iteratively
over the data until the weights converge.

Thisapproachto dual estimation can be justified within amax-
imum-likelihood framework and can also berelated to the Expecta-
tion Maximization (EM) algorithm. The approachisalso related to
work doneby Nelson[11] inthelinear case, and to Matthews' neu-
ral approach[10] to therecursive prediction error algorithm [6]. In
the speech literature, the methodis most closely related to Lim and
Oppenheim'’s approach to fitting LPC models to degraded speech
[9]. It alsorelatesto Ephraim’s model-based approach[5], but uses
nonlinear estimation to fit the given data instead of using a fixed
number of prespecified linear models.

3. EXPERIMENTS

3.1. Nonstationary White Noise

To processnoisy speech, the method is applied to successive64ms
windows of the signal (512 points at 8kHz sampling), with a new
window starting every 8ms (64 points). A normalized Hamming
window is used to emphasize datain the center of the window, and
deemphasize data in the periphery. The standard EKF equations
are also modified to reflect this windowing in the weight estima-
tion. The result of applying the Dual EKF to a speech signal (se-
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Figure 2: Cleaning noisy speech with the Dual EKF. The
TIMIT sentence was approximately 33,000 points (4 sec.)
long. Nonstationary white noise was generated artificially
and added to the speech to create the noisy signal y.

lected from the TIMIT database) corrupted with simulated nonsta-
tionary bursting noiseis shownin Figure 2. Feedforward networks
with 10 inputs, 4 hidden units, and 1 output were used. Weights
typically converged in less than 20 epochs. Theresultsin the fig-
ure were computed assuming both o2 and o2 were known. The
average SNR is improved by 9.94 dB, with little resultant distor-
tion. When o2 and o2 are estimated using only the noisy signal,
an SNR improvement of 8.50 dB is achieved. In comparison, the
“state-of-the-art” technique of spectral subtraction[1] achievesan
SNR improvement of only 1.26 dB.

3.2. Colored Noise

For most real-world speechapplications, we cannot assumethe noise
iswhite. For colored noise, the state-space equations 3 and 4 need
to be adjusted before Kalman filtering techniques can be employed.
Specifically, the measurement noise processis given its own state-
space equations,

n(k) =
n(k) =

Ann(k = 1) + Bpun(k) (20)
Cpn(k), 1)

where n(k) is avector of lagged values of n(k), v, (k) is white
noise, A,, isasimple statetransition matrix in controllable canoni-
cal form, and B,, and C,, are of the sameformas B and C givenin
Equation 5. Note that thisis equivalent to an autoregressive model
of the colored noise, which may be fit from a small section of the
noisy signal where speechis not present.

With this formulation for the colored noise, it is straightfor-
ward to augment both the statex (&) andtheweight w (k) withn(k),
and write down combined state equations. Specifically, Equations3
and 4 are replaced by:

2] - (Bt 1)
b = (el . @2)
and Equations 12 and 13 are replaced by:

Lo [ B e
y(k) = flx(k—1),w(k))+ Can(k) + v(k). (23)

The noise processesin these state-equationsare now white, and the
Dual EKF algorithm can be used to estimate the signal. Note that
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Figure 3: Removing cellular colored noise with the Dual EKF.
Initial SNR is -0.16 dB, final SNR is 5.60 dB.
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Figure 4: Removing pink noise with the Dual EKF. Initial SNR
is 10 dB, final SNR is 13.87 dB.

thecolored noise explicitly affectsnot only the state estimation, but
also the weight estimation.

An actual recording of highway noise through a cellular phone
was added to a speech signal to produce the data shown in Fig-
ure 3 (3,500 points). Figure4 showsasimilar experiment with pink
noise added (spectrograms shown in Figure 5). In both cases, the
noise model A,, and process noise variances o and o> were as-
sumed known (i.e., modeled using knowledge of (k) and n(k)).
Experiments were also run with estimated values using only the
noisy speech, as described in the next section. Table 1 summarizes
theresultsfor several different initial SNR levels. Spectral subtrac-
tion results are included for comparison’.

3.3. Estimating Noise Variances

In the implementation of the Dual EKF, it is assumed that the vari-
ances of v(k) and n(k) (or the SNR) are known quantities. As-
suming stationarity of the additive noise, the noise variance o2 (or
itsfull autocorrelation for determining A,,) may be estimated from
segments of the data y(k) that do not contain speech. Alternative
methods for tracking nonstationary noise are givenin [7, 2, 15].

To estimate the process noise variance o2 (assuming an LPC
model for the signal), Lim and Oppenheim [9] used an expression
for the inverse Fourier transform of the signal power (which isa
functionof ¢2). Wehavedevel opedan alternative approach by not-
ing that the processnoise variance o2 can be estimated directly by
considering the relationship betweentheresidual AR prediction er-
ror for clean and noisy speech [15].

All theseapproaches, however, arerelatively “ad-hoc”, and es-
timating the noise variancesremainsacritical areafor future work.
Our current direction is to treat o2 and o2 as additional parame-
ters which may be optimized within the Kalman and maximum-
likelihood framework.

I The authors would like to thank Rick Peterson for his assistance with
the spectral subtraction simulations.
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Figure5: Spectrograms illustrating removal of pink noise with
the Dual EKF.

4. CONCLUSION AND FUTURE WORK

We have presented the Dual EKF algorithm with preliminary re-
sults on its application to speech enhancement in the presence of
both nonstationary and colored noise. Initial resultscomparefavor-
ably to current state-of-the-art techniques. However, future work
must involve more substantial evaluations based on both objective
and subjective criteria. In addition, future algorithmic work will
include alternative approaches to variance estimation, as well as
the coupling of error statistics, windowing aspects, recurrent train-
ing implications, forward-backward methods for smoothing, and
issues relating to maximum-likelihood estimation and the EM ap-
proach.
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