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Abstract In this paper, wewill present a Kalman filtering algorithm that achieves bet-
ter noise reduction in a single-channel speech enhancement application. The proposed
method aims to tune the Kalman filter gain in order to offset the bias that is inherent
when estimating speech parameters from noise-corrupted speech. After analysing the
Kalman recursion equations and the filter gain, the sensitivity metric was shown to be
useful in tuning the Kalman filter to achieve better noise reduction. Speech enhance-
ment experiments were performed on the commonly available NOIZEUS database
corrupted with white Gaussian noise, and the proposed method was evaluated and
compared with recent speech enhancement methods, such as the STSA estimator with
wavelet thresholding on multi-tapered spectra (or STSA-WT) and generalised sub-
space method. The proposed method was shown to produce better quality speech
than the STSA-WT estimator, while being competitive with the generalised subspace
method. Spectrogram analysis demonstrated that the proposed method could achieve
similar levels of noise reduction to the Kalman filter in the oracle case.
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1 Introduction

In the field of speech enhancement, the aim is to reduce the level of undesirable
background noise in digital speech in order to improve its quality and intelligibility.
The most common scenario is the additive noise model:

y(n) = x(n) + v(n) (1)

where y(n) is the noisy speech, x(n) is the clean speech, and v(n) is the corrupting
noise. In single-channel speech enhancement, we wish to estimate the clean signal
x(n), when given only the noisy speech y(n) and estimates of the noise signal statistics.
These noise estimates are typically obtained during the pauses between spoken words.

Several speech enhancement algorithms have been reported in the literature that
have had varying degrees of success in enhancing speech, but many of them suffer
from problems with residual noise, such as the musical noise typically present in
Wiener filtering [20] and spectral subtraction algorithms [1]. The Kalman filter [9]
was first applied to speech enhancement by Paliwal and Basu [12] and since then has
been investigated in the literature both in the time-domain (e.g. [2,17,19]), subband
domain [21], and the modulation-domain [16,18].

The Kalman filter (KF) is a unbiased, linearMMSE (minimummean squared error)
estimator that dynamically combines estimates from a speech model with the noisy
speech measurements y(n). An all-pole (or, autoregressive) filter H(z) is typically
used to represent the vocal tract of the human speech production model:

H(z) = 1

1 + ∑p
k=1 akz

−k
(2)

where p is the order of the filter and {ak} are the AR (autoregressive) coefficients.
Speech is produced by driving the all-pole filter by an excitation signalw(n) that has a
variance of σ 2

w. Therefore, the KF can rely on predicted speech samples from this AR
model when the level of noise in the speech measurements is too high, or emphasise
the speech measurements to provide speech information (often termed the innovation
[4]) that the AR model cannot predict, such as the harmonic structure of speech [17].
The Kalman filter gain vector dynamically controls the amount of innovation signal
that is used to correct the model prediction by using an estimate of the corrupting noise
variance σ 2

v and the mean prediction squared error of the model.
In the oracle case, where the AR parameters ({ak} and σ 2

w) are estimated from the
clean speech, the KF was shown to perform very well [12]. However, when used in
practice, where only the noisy speech signal is available, the noise reduction ability of
the KF deteriorates considerably, due to the biased estimates of the AR parameters.
In particular, the biased excitation variance was shown to result in an offset in the
Kalman filter gain and consequently increase the presence of residual noise in the
enhanced output [17]. Methods for reducing the effect of biased estimates have been
reported in the literature. Gibson, et al. [2] developed the iterative Kalman filter (which
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is similar to the iterative Wiener filter reported by [10]), where AR parameters were
re-estimated from the filtered output, and then, the speech frame was filtered again
using the updated parameters. While the noise reduction was noted to have improved
in the first few iterations, the speech quality was not guaranteed to improve with
further iterations while the enhanced speech suffered from musical noise and speech
distortion. It was reported in [17] that the use of large-dynamic-range-taperedwindows
during the AR parameter estimation improved the performance of the KF by reducing
the amount of residual noise in the regions of speech pauses. However, this was a
static approach, where the same Chebyshev window was applied for all frames, and
this tended to suppress the KF gain not only in the silent regions, but also when speech
was present. Furthermore, the best performancewas obtained in an iterative framework
that utilised long (80ms) and overlapping frames (with 10ms update). Two iterations
were required to process each frame; hence, the computational requirements were
quite high. Recently, a non-iterative KF algorithm using dynamic gain adjustment was
reported in [15] to reduce residual noise, which utilised the robustness performance
metric that was introduced in [14]. The noise reduction achieved by the robustness
metric method was considerable and approached that of the oracle KF. However,
analysis of the KF gain showed that it was rather strongly suppressed in the speech
regions, which led to the presence of speech distortion.

In this paper, we present a new non-iterative KF algorithm that offers better noise
reduction by dynamically tuning the KF gain. In contrast to the method reported by
[15], the proposed method utilises the sensitivity metric of the KF [14] for tuning. The
enhanced speech from the proposed method has reduced residual noise but without
the over suppression of the KF gain in the speech regions. We have performed speech
enhancement experiments using the commonly used NOIZEUS speech database [8].
For this present study, we considered the effects of white Gaussian noise (WGN) at
varying levels of SNR (signal-to-noise ratio). Objectivemeasures, in the form of PESQ
(perceptual evaluation of speech quality) [13], were obtained, and the composite mea-
sures [7] were used as an indication of the subjective quality of speech produced by the
proposed method. We have included in our evaluation the STSA (short-time spectral
amplitude) estimator with wavelet thresholding of multi-tapered spectra (STSA-WT)
[6] and the generalised subspace method [5] to provide a comparison.1

The structure of this paper is as follows. In Sect. 2, we introduce the reader to the
mathematical notation that is used to describe the state vector recursion equations used
in the operation of the Kalman filter. In particular, we derive the ‘scalarised’ version
of the equations to aid in analysis. In Sect. 2.2, we discuss the sensitivity characteristic
of the Kalman filter as well as how it can be quantified using the sensitivity metric,
J1. Also in this section, the tuning of the Kalman filter gain using J1 is described and
analysed. Following from this, in Sect. 3, we describe the set-up used in our speech
experiments that are designed to evaluate the noise reduction ability and speech quality
of the proposedmethod when compared with other speech enhancement methods. The
results are then presented and discussed in Sect. 4. Finally, we offer our concluding
remarks in Sect. 5 as well as details on our future work.

1 The MATLAB code and sample speech output files are available and can be downloaded at http://tiny.
cc/speech_enhancement.

http://tiny.cc/speech_enhancement
http://tiny.cc/speech_enhancement
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2 Proposed Kalman Filter for Speech Enhancement

2.1 Kalman Filter Recursion Equations

In the Kalman filter that is used for speech enhancement [12], the additive noise model
of Eq. (1) is assumed. The corrupting noise v(n) is assumed to be a zero-mean, white
Gaussian noise that has a variance of σ 2

v and is uncorrelated with the clean speech
signal x(n). The AR speech model in Eq. (2) can be rewritten in terms of a difference
equation:2

x(n) = −
p∑

k=1

akx(n − k) + w(n) (3)

By combining this with the additive noise Eq. (1), we can represent the process as a
state-space equation:

x(n) = Ax(n − 1) + dw(n) (4)

y(n) = cT x(n) + v(n) (5)

where A is the state transition matrix containing the model parameters, x(n) =
[x(n)x(n − 1) . . . x(n − p + 1)]T is the state vector, d = [1 0 . . . 0]T and
c = [1 0 . . . 0]T are themeasurement vectors for the excitation noise and observation,
respectively.

The Kalman filter recursively computes an unbiased and linear MMSE estimate
x̂(n|n) of the state vector at time n given the noise observation y(n), by using the
following equations:

x̂(n|n − 1) = Ax̂(n − 1|n − 1) (6)

P(n|n − 1) = AP(n − 1|n − 1)AT + σ 2
wdd

T (7)

K(n) = P(n|n − 1)c
[
σ 2

v + cTP(n|n − 1)c
]−1

(8)

x̂(n|n) = x̂(n|n − 1) + K(n)[y(n) − cT x̂(n|n − 1)] (9)

P(n|n) = [I − K(n)cT ]P(n|n − 1) (10)

During the operation of the KF, the noise-corrupted speech y(n) is windowed into
non-overlapped and short (e.g. 20ms) frames and the AR parameters are estimated.
These parameters remain constant during the Kalman filtering of speech samples in
the frame, while the Kalman gainK(n), a posteriori error covariance P(n|n), and state
vector estimate x̂(n|n) are continually updated on a sample-per-sample basis [17].

2 Note that we will use the ‘negative sign’ convention, as is commonly used in linear prediction analysis
[3].
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In conventional Kalman filtering, the enhanced speech signal at the present time n
is given by:3

x̂(n|n) = cT x̂(n|n) (11)

This is equivalent to taking the first scalar component of the state vector x̂(n|n).
Therefore, it is possible to rewrite some of the Kalman recursion equations in scalar
form. We may rewrite Eq. (9):

x̂(n|n) = x̂(n|n − 1) + K (n)[y(n) − x̂(n|n − 1)] (12)

= [1 − K (n)]x̂(n|n − 1) + K (n)y(n) (13)

where x̂(n|n−1) and K (n) are the first scalar components of the a priori state vectors
and KF gain vector, respectively. It can be seen that the KF gain adjusts the relative
proportions of the noisy observation sample y(n) and a priori sample x̂(n|n−1). This
allows us to analyse the KF recursion equations in scalar form.

By substituting Eq. (7) into Eq. (8) and pre-multiplying Eq. (8) with the measure-
ment vector cT , we obtain an expression for the (scalar) KF gain [15]:

K (n) = α2(n) + σ 2
w

α2(n) + σ 2
w + σ 2

v

(14)

where α2(n) = cTAP(n−1|n−1)AT c represents the contribution of the a posteriori
mean squared error from the previous time step n − 1, to the total a priori mean
prediction squared error.

When the speech parameters are estimated from the noisy speech signal, the AR
coefficients {ak} and the excitation noise variance σ 2

w will be biased estimates. In this
study, we will focus on correcting the excitation noise variance as its value has a sig-
nificant effect on the performance of the KF, through what is commonly known as
the Q/R ratio (system-to-measurement noise ratio) [14]. When assuming the mea-
surement noise v(n) is white Gaussian noise that is uncorrelated with the speech, it
can be shown that the excitation variance that is estimated from y(n) can be given
approximately4 by:

σ̃ 2
w = Ryy(0) +

p∑

k=1

ãk Ryy(k)

= Rvv(0) + Rxx (0) +
p∑

k=1

ãk Rxx (k)

≈ σ 2
w + σ 2

v (15)

3 We used bold variables to denote matrix/vector quantities, as opposed to unbolded variables for scalar
quantities.
4 In this study, we are assuming the effects of the white noise on the estimates of ak are negligible, in
comparison with the variance of the measurement noise σ 2

v , i.e. ãk ≈ ak .
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Fig. 1 Spectrograms showing the performance of the Kalman filter for different AR parameter estimates:
a clean speech (‘The sky that morning was clear and bright blue’); b speech corrupted with white noise
at 10dB SNR (PESQ = 2.07); c time trajectories of the first component of the Kalman filter gain for the
oracle (thin blue line) and noisy case (thick red line); d enhanced speech from oracle case (PESQ = 2.77);
e enhanced speech from noisy case (PESQ = 2.25)
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where Ryy(k), Rxx (k), Rvv(k) are the kth autocorrelations of y(n), x(n) and v(n),
respectively. By substituting this biased excitation variance into Eq. (14), the biased
KF gain becomes:

K̃ (n) = α2(n) + σ̃ 2
w

α2(n) + σ̃ 2
w + σ 2

v

(16)

≈ α2(n) + σ 2
w + σ 2

v

α2(n) + σ 2
w + 2σ 2

v

(17)

Therefore, for the silent regions where speech is not present (i.e. α2(n) = σ 2
w = 0),

the biased KF gain will be equal to approximately 0.5 [15], as shown in Fig. 1c. As we
can see from Eq. (13), the biased KF gain increases the proportion of the measurement
noise from y(n) in the estimated speech signal, thereby causing the large amount of
residual noise in the enhanced output, as shown in Fig. 1e.

2.2 Using the Sensitivity Metric to Reduce Kalman Filter Gain Bias

Sensitivity refers to the ability of the KF to respond to dynamic changes in the input
and accordingly adaptively adjust the speech model parameters in order to mitigate
the effects of measurement noise. In the present case, since the speech parameters {ak}
are determined for a limited number of samples, the KF will become more reliant on
the predicted speech samples from its dynamic model whenever the measured speech
samples y(n) are deemed to be too noisy. A sensitive KF can be viewed as the opposite
of a robust KF, where the filter operation is robust to term large dynamic model errors
and hence relies more on the measured speech signal.

A metric for quantifying the level of sensitivity (referred to as J1) in the KF was
developed by [14]. By rewriting the variables in terms of scalar quantities, as we have
done in the previous section, we obtain the sensitivity metric for the KF for speech
enhancement:

J1(n) = σ 2
v

α2(n) + σ 2
w + σ 2

v

(18)

We can see that the sensitivity metric is a ratio of the measurement error to the total
squared error (measurement + predicted). Therefore, if the measured speech signal
is corrupted by noise that is much larger than the model-predicted squared error (i.e.
σ 2

v � σ 2
w + α2(n)), then J1(n) will approach unity, which indicates an increase in

KF sensitivity. On the other hand, if the measurement noise is much smaller than the
model-predicted squared error, the sensitivity metric will approach zero.

Let us consider the sensitivity metric for the case when the AR parameters are
estimated from the noisy speech. When no speech is present, the AR parameters are
estimated from the corrupting noise only. Since the noise is white Gaussian noise,
α2(n) = 0 and σ̃ 2

w = σ 2
v . When substituted into Eq. (18), it can be seen that J1(n) =

0.5. For the case of voiced speech, the values of α2(n) and σ̃ 2
w are expected to be large,

due to the wider spectral range (or coloured spectrum) as well as the inadequacy of
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Fig. 2 Plot of the sensitivity metric J1(n) for the Kalman filter at an SNR of 10 dB
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Fig. 3 Comparison of the KF gain trajectories for the proposed method and oracle/non-oracle methods

the low-order AR model to capture the long-term correlation information contained
in the harmonic structure. In this case, the value of J1(n) would approach zero. This
behaviour can be seen in Fig. 2. Therefore, the sensitivity metric is an effective method
for detecting the presence of voiced speech.

Based on these observations, we propose the following modification of the KF gain
derived in Eq. (16) for reducing the bias:

K ′(n) = K̃ (n) − J1(n) (19)

The sensitivity metric is able to reduce the KF gain bias of 0.5 in the silent regions
significantly the gain reduction in the voiced speech regions would be minimal. The
subtraction of J1(n) from the biased KF gain may momentarily cause the modified
KF gain K ′(n) to have negative values. We set the negative KF gain values to zero.

Figure 3 shows the KF gain trajectory for the proposed method as compared with
that of the oracle and non-oracle cases. We can see that the KF gain of the proposed
method does not suffer from the bias of 0.5 in the silent regions and is not overly
suppressed in the speech regions. We can analyse the effect of Eq. (19) by substituting
Eqs. (15), (16) and (18) (with biased quantities):
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Fig. 4 Comparison of the KF gain trajectories for the proposed (J1) method, J2-based method [15], and
oracle method

K ′(n) = α2(n) + σ̃ 2
w

α2(n) + σ̃ 2
w + σ 2

v

− σ 2
v

α2(n) + σ̃ 2
w + σ 2

v

≈ α2(n) + σ 2
w

α2(n) + σ̃ 2
w + σ 2

v

≈ K (n)

Therefore, the use of the sensitivity metric in Eq. (19) produces a KF gain that is
approximately the same as that of the oracle KF. This should result in similar noise
reduction properties.

At this point, it would be useful to compare this method with the previous work
on the KF with dynamic gain adjustment [15], which utilised the robustness metric
(designated as J2):

J2(n) = σ 2
w

α2(n) + σ 2
w

(20)

The KF gain was dynamically adjusted by weighting it with a factor that was based
on the robustness metric [15]:

K ′(n) = K (n)[1 − J2(n)]

≈ α2(n)

α2(n) + σ 2
w + σ 2

v

(21)

Therefore, the effect of the biased excitation variance σ̃ 2
w has been removed from the

KF gain computation. However, when compared with the oracle KF gain in Eq. (14),
it can be seen that the KF gain of Eq. (21) will tend to be lower due to the absence of
σ 2

w in the numerator. This is particularly evident in Fig. 4, where it can be seen that
the KF gain of the robustness-based KF method is lower than both the oracle and J1
methods.
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3 Experimental Set-up

In our experiments, we used the NOIZEUS speech corpus, which is composed of 30
phonetically balanced sentences belonging to six speakers (threemale and three female
speakers) [8]. The corpus was sampled at 8kHz. For our objective experiments, we
investigated speech that had been corrupted by additive white Gaussian noise at four
SNR levels (0, 5, 10 and 15 dB). The objective evaluation was carried out using the
PESQ (perceptual evaluation of speech quality) measure [13], SNR (signal-to-noise
ratio), and segmental SNR.

The composite measures of [7] were developed to provide objective measures that
are highly correlated with the corresponding subjective rating scores of signal dis-
tortion (SIG), background/noise distortion (BAK), and overall quality (OVL). The
composite measures are computed via a linear combination of objective scores [11]:

1. Itakura–Saito distance (IS);
2. PESQ;
3. Cepstrum distance (CEP);
4. Weighted spectral slope (WSS); and
5. Log-likelihood ratio (LLR).

We have computed the composite measures for each enhancement method to provide
an indication of the subjective quality.

The treatment types used in the evaluations are listed below (where p is the order
of the AR model):5

1. Original clean speech (Clean);
2. Speech corrupted with white Gaussian noise (No enhancement);
3. Kalman filter with AR parameters estimated from clean speech, 20 ms frames, no

overlap, p = 10 (Kalman oracle);
4. Kalman filter with AR parameters estimated from noise-corrupted speech, 20 ms

frames, no overlap, p = 10 (Kalman non-oracle);
5. Kalman filter with dynamic gain adjustment, 20 ms frames, no overlap, p = 10

[15] (Kalman DA)
6. Proposed Kalman filter with sensitivity metric-based tuning, 20 ms frames, no

overlap, p = 10 (Kalman proposed);
7. Generalised subspace-based speech enhancement [5] (Subspace)
8. STSA (short-time spectral amplitude) estimator with wavelet thresholding of

multi-tapered spectrum [6] (STSA-WT).

4 Results and Discussion

Table 1 shows the average PESQ scores for the different speech enhancement methods
over different input SNRs. The subspace method [5] and oracle-case KF achieved the
highest PESQ scores out of all the methods, which was expected since for the KF

5 The MATLAB code and sample speech output files are available and can be downloaded at http://tiny.
cc/speech_enhancement.

http://tiny.cc/speech_enhancement
http://tiny.cc/speech_enhancement
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Table 1 Average PESQ results
over 30 sentences of the
NOIZEUS database, which
compare the different speech
enhancement methods with the
proposed method for speech
corrupted by white noise

Method Input SNR (dB)

0 5 10 15

No enhancement 1.57 1.83 2.13 2.47

Kalman oracle 2.12 2.36 2.64 2.96

Kalman non-oracle 1.69 2.00 2.33 2.66

Kalman proposed 1.86 2.22 2.51 2.82

Kalman DA 1.97 2.32 2.63 2.93

Subspace 2.02 2.40 2.74 3.10

STSA-WT 1.74 2.14 2.46 2.80

Table 2 Average segmental
SNR results over 30 sentences of
the NOIZEUS database, which
compare the different speech
enhancement methods with the
proposed method for speech
corrupted by white noise

Method Input SNR (dB)

0 5 10 15

No enhancement −8.32 −3.31 1.68 6.69

Kalman oracle 3.74 5.74 8.22 11.20

Kalman non-oracle −4.07 0.33 4.64 8.99

Kalman proposed 1.98 4.53 7.42 10.68

Kalman DA 1.70 3.59 5.61 7.66

Subspace 2.93 5.58 8.02 10.14

STSA-WT 2.17 4.64 7.58 10.44

Table 3 Average SNR results
over 30 sentences of the
NOIZEUS database, which
compare the different speech
enhancement methods with the
proposed method for speech
corrupted by white noise

Method Input SNR (dB)

0 5 10 15

Kalman oracle 7.81 10.94 14.52 18.47

Kalman non-oracle 4.22 8.60 12.94 17.36

Kalman proposed 6.88 10.24 14.05 18.15

Kalman DA 5.25 7.73 10.25 12.49

Subspace 8.04 11.31 14.01 15.91

STSA-WT 6.16 9.93 13.97 17.40

algorithm, the AR parameters were estimated from the clean speech. The deterioration
of the KF when AR parameters have been estimated from noise-corrupted speech is
evident in the PESQ scores of the non-oracle KF. The proposed KF improves upon
the non-oracle KF and also outperforms the STSA-WT method for low-input SNRs.
Table 2 presents the average segmental SNRs for all the speech enhancement methods
over different input SNRs. The proposed KF achieved a higher segmental SNR than
theKFwith dynamic adjustment, while being competitivewith the STSA-WTmethod.
The oracle KFwas competitive with the subspace method, in terms of segmental SNR.
Finally, in Table 3, which contains the average SNRs for eachmethod, the proposedKF
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Table 4 Average composite
measures over 30 sentences of
the NOIZEUS database, which
compare the different speech
enhancement methods with the
proposed method for speech
corrupted by white noise at 0 dB

Method SIG BAK OVL

No enhancement 1.50 1.51 1.39

Kalman oracle 2.45 2.11 2.09

Kalman non-oracle 1.69 1.70 1.55

Kalman proposed 1.88 1.96 1.71

Kalman DA 2.03 1.99 1.85

Subspace 1.61 1.98 1.62

STSA-WT 1.05 1.84 1.15

Table 5 Average composite
measures over 30 sentences of
the NOIZEUS database, which
compare the different speech
enhancement methods with the
proposed method for speech
corrupted by white noise at 5dB

Method SIG BAK OVL

No enhancement 2.03 1.91 1.82

Kalman oracle 2.96 2.52 2.53

Kalman non-oracle 2.27 2.11 2.03

Kalman proposed 2.48 2.37 2.22

Kalman DA 2.64 2.39 2.37

Subspace 2.20 2.42 2.15

STSA-WT 1.47 2.29 1.66

Table 6 Average composite
measures over 30 sentences of
the NOIZEUS database, which
compare the different speech
enhancement methods with the
proposed method for speech
corrupted by white noise at
10 dB

Method SIG BAK OVL

No enhancement 2.59 2.34 2.28

Kalman oracle 3.41 2.91 2.94

Kalman non-oracle 2.84 2.54 2.50

Kalman proposed 3.00 2.77 2.66

Kalman DA 3.14 2.75 2.80

Subspace 2.90 2.85 2.71

STSA-WT 2.14 2.73 2.20

method achieved higher SNRs than all methods except for the oracle KF and subspace
method. The lower segmental SNR and SNR performance of the Kalman DA method
when compared with the proposed method is worth noting and is perhaps a result of
the more suppressed KF gain, as was shown in Fig. 4.

Tables 4, 5, 6, and 7 show the average composite measures for the different speech
enhancement methods for input SNRs of 0 to 15 dB. The oracle-case KF displayed
consistently high scores as expected. The proposed KF rates competitively in terms of
background distortion with the oracle-case KF, since the bias in the KF gain has been
reduced. However, the signal distortion in the proposed KF is lower than the oracle-
case, since bias in the AR coefficients {ak} still remains, so some speech distortion
will be present. The STSA-WT method can be seen to be competitive in terms of
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Table 7 Average composite
measures over 30 sentences of
the NOIZEUS database, which
compare the different speech
enhancement methods with the
proposed method for speech
corrupted by white noise at
15 dB

Method SIG BAK OVL

No enhancement 3.15 2.79 2.76

Kalman oracle 3.85 3.31 3.35

Kalman non-oracle 3.37 2.99 2.97

Kalman proposed 3.51 3.19 3.11

Kalman DA 3.60 3.09 3.21

Subspace 3.55 3.26 3.26

STSA-WT 2.83 3.16 2.75

background distortion. However, speech enhanced by STSA-WT appears to suffer
from over-suppression of the speech signal, since its signal distortion is rated lower
than that of the noise-corrupted speech. The proposedKFwas also notably better in the
signal and overall composite measures than the subspace method for low-input SNRs,
which may suggest that the latter method, while possessing good noise suppression,
is introducing some speech distortion.

A comparison of spectrograms between the various methods can be seen n Figs. 5
and 6. The speech utterance was ‘She had a smart way of wearing clothes’, which was
spoken by a female speaker. The spectrograms of all the KF methods (Figs. 5c, e, 6d)
share in common the characteristic ‘vertical bands’ of noise suppression, which is due
to the time-varyingweighted addition of the noisy innovation signal. This is in contrast
with the enhanced speech from the STSA-WT and subspace methods (Figs. 5f, 6e,
respectively), which suppress noise in the frequency or subspace domain. The residual
noise that is present in speech enhanced by the non-oracle KF (Fig. 5d has been largely
removed in the output of the proposed KF method in Fig. 5e. When compared with
the oracle KF, the residual noise in the proposed KF is quite similar since the bias in
the KF gain within the silent regions has been reduced. It is interesting to note that
for this particular utterance, the proposed method has a higher PESQ than the oracle
KF. We postulate that this may be due to the slightly lower KF gain in the speech
regions, as a result of the sensitivity metric modification, which reduces the amount of
noise coming from the innovation signal, as can be seen in Fig. 7. Our observation of
over-suppression of the speech signal in the STSA-WT method can be seen in Fig. 5f,
where there is a notable loss of formant information between 1.2 and 1.5 s as well
as the region from 2 s onwards. The enhanced speech from the subspace method in
Fig. 6e also displays formant information suppression, though to a lesser degree. This
is reflected in the lower SIG score in the composite measure results.

5 Conclusion and Further Work

In this paper, we have introduced a modified Kalman filtering algorithm that reduced
estimation bias in the excitation variance due to the presence of noise. By using
the Kalman filter gain, we analysed the effect of this estimation bias, namely the
presence of residual noise in the enhanced output. We demonstrated graphically and
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Fig. 5 Comparison of spectrograms of: a clean speech (‘She has a smart way of wearing clothes’); b
speech corrupted with white noise at 5 dB SNR (PESQ = 1.86); c speech enhanced by oracle case Kalman
filter (PESQ = 2.13); d speech enhanced by non-oracle Kalman filter (PESQ = 2.03); e speech enhanced
by proposed Kalman filter (PESQ = 2.24); and f speech enhanced by STSA with wavelet thresholding of
multi-tapered spectra [6] (PESQ = 2.1)
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Fig. 6 Comparison of spectrograms of: a clean speech (‘She has a smart way of wearing clothes’); b
speech corrupted with white noise at 5 dB SNR (PESQ = 1.86); c speech enhanced by proposed Kalman
filter (PESQ = 2.24); d speech enhanced by Kalman DA method (PESQ = 2.29); and e speech enhanced by
generalised subspace method (PESQ = 2.42)
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Fig. 7 Comparison of the KF gain trajectories for the proposed method and oracle/non-oracle methods for
the speech utterance ‘She has a smart way of wearing clothes’ with input SNR of 5 dB

mathematically that the sensitivity metric J1 can be used to modify the Kalman filter
gain in order to reduce the bias introduced by poor estimates of the excitation variance.
The speech enhancement experiments showed that the proposed method achieved a
reduction in background noise and an improvement in speech quality.When compared
with other speech enhancement methods, the proposed method gave higher PESQ and
composite measure scores than the STSA-WT method while remaining competitive
with the subspace method in the composite measures. The present study focused on
speech that had been corrupted by white Gaussian noise since we have applied the
analysis on the white noise Kalman filter only. The effectiveness of sensitivity-based
tuning for other noise types will be the subject of further investigation, where the
sensitivity metric will be extended to the augmented Kalman filter with coloured
noise model [2].
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