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Abstract— This paper introduces an adaptive filter that
employs a single input sensor and oversampling for speech
enhancement. The architecture employs a hardware effi-
cient IIR filter that utilizes the recursive least squares al-
gorithm. To demonstrate the effectiveness of the new filter,
it is compared to the spectral subtraction technique using
the Itakura-Saito distance measure. The new filtering tech-
nique produces results that are slightly more favorable than
spectral subtraction. This hardware efficient filter would
be particularly suitable for cellular telephone applications
where space is a premium.

I. INTRODUCTION

D aptive noise canceling (ANC) techniques have been

successfully applied to speech, electrocardiography,
etc. since the 1960s [1]. These techniques employ the LMS
algorithm to minimize the mean square error between a pri-
mary channel composed of speech plus uncorrelated noise,
and a second reference signal consisting of noise. In gen-
eral, ANC can be employed only when a second channel
is available. But suppose that we can somehow generate a
reference signal from the primary signal. Such an approach
was proposed by Sambur [2] who used as a reference sig-
nal a delayed version of the primary signal. He delayed the
speech signal by one pitch period, so that the delayed signal
will be correlated with the original speech signal. Sambur’s
approach was shown to improve speech quality for additive
white noise in the SNR range 0-10 dB [2].

One of the main limitations of Sambur’s approach is
the requirement of accurate and robust pitch estimation
in noise. Other methods [3] removed the pitch estima-
tor using forward and backward-adaptive filters, but re-
quired a speech/silence discriminator. Pitch estimation
and speech/silence detectors, however, are prone to errors,
particularly in noise.

In this paper, we propose a single-channel ANC
technique which does not rely on pitch estimation or
speech/silence detector to derive the reference signal. In-
stead, it produces a reference signal by oversampling the
input (primary) signal. The proposed method is compared
against the spectral subtraction algorithm.

This paper is organized as follows. Section IT provides
the theoretical formulation of the proposed algorithm, and
section IIT provides a few comments about its implementa-
tion. Section IV gives a brief description of the implemen-
tation of spectral subtraction, and section V presents the

results.

II. THEORETICAL DEVELOPMENT

The block diagram in Figure 1 depicts the proposed filter
architecture in which a single sensor captures both the de-
sired signal and the noise [4]. This architecture has the fol-
lowing characteristics: (1) it does not require any statistics
about the desired signal, (2) the desired signal need not be
stationary, and (3) it only requires one input source which
is sampled above the Nyquist frequency (oversampled).
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Fig. 1. Adaptive Filter Architecture
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A reference signal is produced by delaying the input sig-
nal. Thus if two signals, (k) and x(k — A), are correlated,
then x(k) may be estimated by &(k) from z(k — A). The
signal path with the delay element is important to provide
a reference signal, and A ensures that n(k) and n(k — A)
are not correlated. It is also assumed that n(k) is not cor-
related with z(k). By minimizing the mean squared error
of e(k), #(k) will be the best estimate of x(k) as shown
below.

El*(K)] = El[(z(k) — &(k) + n(k))’]
= El(x(k) — &(k))*] + 2E[(z(k) — 2(k))n(k)]
+E[n%(k)] (1)

Assuming E[z(k)n(k)] = 0 and E[n(k)n(k — A)] = 0, then
2E[(x(k) — Z(k))n(k)] = 0, and the mean squared error is

J = Ele(k)] = Bl(x(k) — 5(K)*) + ER2()] . (2)
Minimizing J is equivalent to minimizing F|[(z(k)—%(k))?].
Therefore, minimizing J will cause #(k) to be the minimum
mean-square estimate of z(k) [4]. Estimating #(k) depends



on several factors including the type of filter, either IIR
or FIR, and the strategy of how the cost function is to be
minimized, be it either least mean squares or recursive least
squares [4]. For this paper, the type of filter is IIR, and it
minimizes JJ based on the recursive least squares algorithm.

It should be pointed out that Romdhane and Madisetti
[5] have designed a filter based on the architecture in Figure
1, but it was FIR in nature.

In reference to Figure 1, the least squares algorithm is
designed to minimize the sum of squared errors as defined
by
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The vector v(i) has N + M + 1 elements, indexed
from v(i) to v(i — (N 4+ M)). The vector w contains
ai, as,...,any which are known as the feedback coefficients,
and bg, b1, ..., bar which are known as the feedforward coef-
ficients. This vector has N + M + 1 elements. To minimize
the sum of the squared errors, the partial derivative of (k)
is evaluated as
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To minimize this error, the partial derivative is set to zero
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By combining (4) and (9), it follows
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Recognizing outer products, yields r,,(k)w = rg (k).
Therefore, the optimum coefficients are
w =1y, (k)rs(k) | (12)
where
k
roo(k) = v(i)v" (i) (13)
i=0
and
k
ro(k) =Y s(i)v(i) . (14)
i=0

Rather than solving equation (12) by computing the inverse
of ryy(k), the inverse will be recursively computed by mak-
ing use of the matrix inversion lemma. The weight vector
w will become a function of discrete time, and will assume
the notation w(k). The following recursive equation is the
first step towards determining a recursive formula that will
allow the weight vector to be updated at each k.
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Similarly, rg, = rs,(k — 1) 4+ s(k)v(k). The inverse of of
ry» (k) can be recursively computed using the matrix inver-
sion lemma:

(A+ BCD)™' =A"' — A7'B(C™' + DA™'B)™'DA™! .
(16)
by allowing A = ryy(k—1), B=v(k), C =1, and D =

vT(k), ie.:
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(17)

At any instant in time, r;,! (k) may also be determined as

Sl ry, (k—1)
ro (k) =17 VT (k)ry (k — 1)v(k)

which will prove useful in the next several steps. To recur-
sively update w(k), the following equations were used

(18)

w(k) = ry; (k)rso (k) (19)

and



rsp(k) =rsp(k — 1) + s(k)v(k) (20)
hence
w(k) = rol(k)[rse(k — 1) + s(k)v(k)]
= 1) (F)re(k — 1)+ s(k)r, [ (k)v(k) . (21)

Then it follows,
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By replacing r;,}(k — 1) in the third term on the right
hand side of the previous equation with equation (18), the
following expression is found:

wk) = w(k-1)
ry, (k— 1)v(k)
1+ vT (k)rys (k — 1)v(k)
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Then by recognizing the bracketed term in the above
equation as a time varying gain term that modulates how
much the error influences the magnitude of the update at
each iteration, the following update equation is realized:

w(k —1) 4+ G(k)[s(k) = vT (k)w(k = 1)] , (24)

Gy — Tl Dv(R)

T+ v (B)rwd (k — 1)v(k)

(25)

This single sensor, IIR recursive least squares filter with
one input signal is referred to as the ITR-RLS filter from
this point forward.

III. IIR-RLS FILTER AND NOISE REMOVAL

The previous section provided the mathematical devel-
opment of the IIR-RLS filter. Since the ITR-RLS filter is
primarily intended to be used for non-stationary signals,
the error term, e(k), that influences the weights may be
modified so that only the relatively recent values of e(k)
will be significant. Therefore equation (3) was modified to
reflect this change:

k
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This consequently influences the time varying filter gain
defined by equation (25), which becomes

Tyy (k B 1) (k)

G = Rl (b~ V(R

(27)

In general, the Nyquist sampling rate must be obeyed
during sampling; furthermore, the sampling rate should
be significantly high enough to justify correlation between
(k) and z(k — A). Thus, by delaying an oversampled
signal even by a small amount, say A in this case, z(k)
may be estimated from z(k — A). On the other hand,
A should be large enough to decorrelate n(k) and n(k —
A). The net result of this will be an adaptive filter whose
transfer function favors the spectrum of the narrowband
signal; hence the additive noise will be attenuated.

It is also important to mention that det[r,,(k)] = 0
must not occur during filtering. This was accomplished by
following a technique proposed in [6].

IV. SPECTRAL SUBTRACTION

The spectral subtraction method is one of the most popu-
lar methods used for removing noise from the speech signal
[7][8][9]. Unlike the proposed ITR-RLS algorithm, the pro-
cessing is done on a frame-by-frame basis (typically 20-30
ms) in the frequency domain. Consider a speech signal (k)
corrupted by additive stationary background noise n(k).
The noisy speech signal can be written as:

s(k) = x(k) +n(k) (28)
The enhanced speech short-time magnitude | X (w)| is com-
puted by subtracting from the noisy speech magnitude
|S(w)] the noise magnitude estimate | N(w)| estimated dur-
ing speech pauses. The subtraction of noise is expressed
as

IX@WZ{
(29)

where |N(w)|? represents the noise power spectrum esti-
mate, a is a subtraction factor (e > 1), and 3 (0 < 8 << 1)
is the spectral floor parameter [8]. The parameter « varied
between 1 and 5 depending on the segmental SNR [8], and
the spectral floor parameter 3 was set to 8 = 0.02. The
enhanced speech signal Z(k) was obtained by taking the
IDFT of the enhanced magnitude spectrum | X (w)], using
the phase of the noisy speech signal. For the experiments
described below, speech was segmented into 20-ms frames
using a Tukey window with 10% overlap. The overlap-and-
add method was used to reconstruct the signal.

ISP
NwpE > at8

otherwise

IS@)P =l N(w)]* if
BIN (@)



V. EXPERIMENTAL PROCEDURE AND RESULTS

For comparative purposes, we processed the word
“head”, sampled at a rate of 16 KHz, by both spectral
subtraction and ITR-RLS algorithms. Prior to applying
the ITR-RLS filter, the speech signal was upsampled to 200
KHz, and white Gaussian noise was added to obtain an
SNR of 5 dB. After processing the signal through the IIR-
RLS filter, the output signal was downsampled to 16 KHz
for a fair comparison with the spectral subtraction tech-
nique. The ITR-RLS filter had 9 taps (7 feedforward and 2
feedback), and the delay variable, A, was assigned a value
of 1, since this was enough to decorrelate the additive noise,
n(k). The parameter A was set to be 0.998.

The performance of the two algorithms was evaluated us-
ing the Itakura-Saito measure [10][11][12][13]. The Itakura-
Saito distance compares the all-pole models of the signal
before and after filtering. It will be used as the figure
of merit for comparing performance of the IIR-RLS filter
against spectral subtraction. For the jth stationary speech
segment, the Itakura-Saito distance is defined to be

TR T
L Pz Rapy
d(pz, pu) = log[H} 30
( w I) p:rTR-’/prT ( )
where pi = [1, —ps(1),..., —pzs(N,)]T is the vector contain-

ing the LPC coefficients of the filtered segment. The vec-
tor p = [1, —px(1), ..., —pz(N;)]T contains the LPC coeffi-
cients of the original noise free segment. NV, was set equal
to 16. R, is the corresponding autocorrelation matrix of
the j¥2 noise-free segment [14].

Figure 2 depicts [takura-Saito distance for both filtering
techniques. During the duration of the digitized signal,
sixteen 10-ms segments containing the primary utterance
were examined to compute the mean distance. The mean
value of the Itakura-Saito distance for the IIR-RLS filter
was 0.5900, with a standard deviation of 0.2396. On the
other hand, the mean value of the Itakura-Saito distance
for the spectral subtraction technique was 0.9050, with a
standard deviation of 0.6955. In general, as the distance
is reduced, the autoregressive model of the filtered signal
more closely resembles the model of the clean signal. Hence
the ITR-RLS filter is slightly more competitive than the
spectral subtraction technique.

VI. SUMMARY

An adaptive IIR-RLS filter was developed which uses a
single input sensor and oversampling to derive a reference
signal. A recursive least squares approach was used to de-
rive the filter coefficients on a sample by sample basis. This
filter was used to remove noise from the speech signal, and
evaluated against the spectral subtraction algorithm. The
proposed filtering technique produced slightly more favor-
able results than the spectral subtraction technique. One
of the main advantages of the ITR-RLS filter is that it pro-
cesses data on sample per sample basis, which lends itself
to a more efficient real-time implementation.
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Fig. 2. Comparison Plot of the Itakura-Saito Distances
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