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A B S T R A C T

In this paper, we propose a frequency-domain adaptive line enhancer (ALE) to reduce non-
stationary harmonic noise, such as medical equipment beeps, from a noisy speech signal cap-
tured by a single microphone. The reduction of nonstationary noise is very challenging, with
the tradeoff between noise reduction and speech distortion, often resulting with much noise
residuals. The proposed ALE is a combination of the commonly-used forward adaptive linear
filter and a non-causal backward adaptive linear filter used together with an indicator for
the presence of transient noise. The proposed combined filter results in less noise residuals
while preserving the speech components. We compare the proposed approach to conven-
tional and recent methods, and show that it can outperform these methods, achieving lower
distortion, more noise reduction, and overall better speech quality and intelligibility.
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1. Introduction

Acoustic background noise is an important factor that degrades both the perceptual speech quality/intelligibility and, unfortu-
nately, it is common in all practical situations, such as telecommunications, teleconferencing, and human-machine interfaces. The
process of suppressing this additive noise is known as noise reduction or alternatively as speech enhancement, and it is a funda-
mental problem that has been researched extensively over the past few decades, e.g., (Benesty et al., 2009; Loizou, 2007; Cohen
et al., 2010; Benesty et al., 2018) and references therein. Many methods have been proposed for noise reduction, among them
spectral subtraction techniques (Boll, 1979; Miyazaki et al., 2012), optimal filtering including the notorious Wiener filter (Chen
et al., 2006; Huang et al., 2014; Lim and Oppenheim, 1979), statistical-model-based algorithms (Ephraim and Malah, 1984; Cohen
and Berdugo, 2001; Cohen, 2005; Cohen and Gannot, 2008), subspace methods (Ephraim and Van Trees, 1995; Hu and Loizou,
2003), binary mask methods (Kim et al., 2009; Wang and Brown, 2006), and data-driven supervised learning methods namely
deep learning (DL) based on deep neural networks which have recently gained much popularity (Wang and Chen, 2018; Xu et al.,
2014; 2015; Zhang andWang, 2016).

The noise reduction problem is traditionally formulated as a linear filtering problem, where we pass the observed noisy signal
through a filter to obtain an estimate of the clean speech signal. In the design of this filter, the aim is to achieve maximal noise
suppression without introducing noticeable speech distortion. When a single microphone is used to capture the noisy speech,
studies (Hu and Loizou, 2007; Loizou and Kim, 2011) have shown that traditional approaches generally do not provide improve-
ment to the intelligibility while they do improve the speech perceptual quality. For DL algorithms it can also be challenging to
improve on both intelligibility and quality; though improving intelligibility, they can suffer from poor sound quality (Lee and
Kang, 2019; Zhang and Bhowmik, 2018). Recent studies (Lee et al., 2018; Lee and Kang, 2019; Williamson et al., 2016) include
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the processing of the phase spectra in order to achieve better speech quality, alternatively, others (Koizumi et al., 2017; Zhao
et al., 2018) incorporate perceptual measures into the training method.

An adaptive line enhancer (ALE) (Ramli et al., 2012; Widrow et al., 1976) modifies both the magnitude and phase, and so can
potentially improve both intelligibility and quality. The ALE is a degenerate form of adaptive noise canceling (ANC), both first
introduced in (Widrow et al., 1975). They work on the principle of correlation cancellation, suppressing noise from a signal using
adaptive filters that self adjust their parameters. They involve producing an estimate of the noise by filtering a reference signal
and then subtracting this noise estimate from the primary input containing both the speech signal and noise. They have the
advantage of updating the filter coefficients automatically with no need for a-priori knowledge of noise and speech signals. While
the ANC requires a reference noise signal that is highly correlated with the noise signal, the ALE consists of a single microphone
and a delay element to produce a delayed version of the noisy signal to be used as the reference signal. The delay enables separa-
tion of the periodic and stochastic components in a signal; it de-correlates the stochastic components between the input and the
delayed input, while leaving the periodic components correlated. The periodic components are extracted by the adaptive filter,
usually using a normalized least-mean-square (NLMS) algorithm (Haykin, 2014). Depending on the characteristics of the noise,
two different approaches are used. The first is to directly estimate the speech signal from wide-band background noise. In this
case, the ALE estimates the speech signal using the pitch period for the delay (Sasaoka et al., 2006). The second case is when the
noise is harmonic, e.g., ventilation fan noise and vehicle engine noise. The filter estimates the noise which is then subtracted
from the input to obtain the desired speech signal. In this case, the ALE is typically used in conjunction with a traditional noise
estimator or even with another ALE to remove any additional wide-band background noise present (Sasaoka et al., 2009). The
ALE can also be implemented in the short-time Fourier transform (STFT) domain (Nakanishi et al., 2013), where adaptive filters
have less computational cost and can be calculated separately for each frequency bin. The performance of the ALE is highly
dependent on the de-correlation delay parameter and the step size of the adaptive filter, which are either fixed or heuristically
optimized; hence noise residuals remain, particularly for nonstationary noise.

Recently, Taghia and Martin (Taghia and Martin, 2016) have shown that an ALE with a frequency-dependent step size based on
mutual information (MI) can detect the presence of harmonic noise and reduce it. To deal with nonstationary noise, they implemented
the algorithm in a block-wise manner and assumed the span of the stationarity of the noise signal is at least as large as the block
length. This is not an effective solution for highly nonstationary noise signals such as medical equipment beeps or alarm sounds.

In this paper, we propose using a combination of both a forward linear predictor (FLP) and a non-causal backward linear pre-
dictor (BLP), both implemented with the NLMS algorithm, to better address the nonstationarity of the harmonic noise. The FLP
on its own (this is the standard NLMS implementation) reduces the noise transient after a delay determined by the adaptive filter
step size and de-correlation delay parameters, and hence residuals of the noise remain. In a similar manner, for the BLP on its
own, residuals would remain at the end of the transient. By using a combination of the FLP and the BLP, we are able to increase
the reduction span of the noise transient, thus reducing the amount of noise residuals. We use an indicator for noise presence to
apply the filters only when noise is present, to reduce the amount of distortion to the speech signal. We also apply a set of chang-
ing filter lengths, taking the maximal filter length available according to the indicator, to ensure the combined filter spans
throughout the noise transient. With this approach, we are able to achieve higher noise reduction and lower signal distortion,
improving the speech quality and intelligibility compared to other methods.

The rest of the paper is organized as follows. In Section 2, we describe the signal model and the ALE system. In Section 3, we
derive the relevant performance measures. In Section 4, we develop the Wiener filter and present our proposed combined filter.
The experimental results are then presented in Section 5, and finally the conclusions are drawn in Section 6.

2. Problem formulation

We consider the following signal model:

y nð Þ ¼ x nð Þ þ v nð Þ; ð1Þ
where n is the discrete time index, y nð Þ is the observed noisy signal, x nð Þ is the zero-mean desired clean speech signal, and v nð Þ is
the zero-mean noise signal. We assume that x nð Þ and v nð Þ are real and uncorrelated signals. Using the STFT, (1) can be expressed
as

Y k;mð Þ ¼ X k;mð Þ þ V k;mð Þ; ð2Þ
where k (for k ¼ 0;1; . . . ;K � 1) is the frequency index, m (for m ¼ 0;1; . . . ;M � 1) is the frame index, and Y k;mð Þ, X k;mð Þ, and V
k;mð Þ are the STFTs of y nð Þ, x nð Þ, and v nð Þ, respectively. As x nð Þ and v vð Þ are uncorrelated per the assumption, the variance of Y
k;mð Þ is

fY k;mð Þ ¼ E
����Y k;mð Þ

����2
� �

¼ E
����X k;mð Þ

����2
� �

þ E
����V k;mð Þ

����2
� �

¼ fX k;mð Þ þ fV k;mð Þ;

ð3Þ

where E ¢½ � denotes mathematical expectation. We apply a delay t to the observed signal Y k;mð Þ and pass this delayed signal
through a complex-valued filter h k;mð Þ of length L:
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Z k;mð Þ ¼ hH k;mð Þy k;m� tð Þ; ð4Þ
where

h k;mð Þ ¼ H0 k;mð Þ;H1 k;mð Þ; . . . ;HL�1 k;mð Þ½ �T ; ð5Þ
superscripts H and T are the conjugate-transpose and transpose operators, respectively, and

y k;m� tð Þ ¼ Y k;m� tð Þ; Y k;m� t � 1ð Þ; . . . ; Y k;m� t � Lþ 1ð Þ½ �T : ð6Þ
The vectors x k;m� tð Þ and v k;m� tð Þ are defined in a similar fashion to y k;m� tð Þ, so we get

y k;m� tð Þ ¼ x k;m� tð Þ þ v k;m� tð Þ: ð7Þ
As a result, the error signal is defined as

E k;mð Þ ¼ Y k;mð Þ � Z k;mð Þ
¼ Y k;mð Þ � hH k;mð Þy k;m� tð Þ: ð8Þ

We consider decomposing the signal X k;m� tð Þ into two orthogonal components: a part which is correlated to the desired
signal, X k;mð Þ, and another part which is uncorrelated to the desired signal, X k;mð Þ, and hence will be considered as an interfer-
ence component, i.e.,

X k;m� tð Þ ¼ G�
X k;m; tð ÞX k;mð Þ þ X0 k;m; tð Þ; ð9Þ

where

GX k;m; tð Þ ¼ E X k;mð ÞX� k;m� tð Þ½ �
E

����X k;mð Þ
����2

� � ð10Þ

is the inter-frame correlation coefficient of the signal X k;mð Þ and the interference is

X0 k;m; tð Þ ¼ X k;m� tð Þ �G�
X k;m; tð ÞX k;mð Þ; ð11Þ

with E X k;mð ÞX0� k;m; tð Þ½ � ¼ 0 and the superscript � being the complex-conjugate operator. In vector form we can write

x k;m� tð Þ ¼ g�
X k;m; tð ÞX k;mð Þ þ x0 k;m; tð Þ; ð12Þ

where the signal correlation vector is

gX k;m; tð Þ ¼ GX k;m; tð Þ;GX k;m; t þ 1ð Þ; . . . ;GX k;m; t þ L� 1ð Þ� �T
¼ E X k;mð Þx� k;m� tð Þ½ �

E
����X k;mð Þ

����2
� � ð13Þ

and the signal interference vector is

x0 k;m; tð Þ ¼ X0 k;m; tð Þ;X0 k;m; t þ 1ð Þ; . . . ;X0 k;m; t þ L� 1ð Þ½ �T
¼ x k;m� tð Þ � g�

X k;m; tð ÞX k;mð Þ: ð14Þ

We can implement a similar decomposition for the noise signal V k;mð Þ to get

v k;m� tð Þ ¼ g�
V k;m; tð ÞV k;mð Þ þ v0 k;m; tð Þ; ð15Þ

where gV k;m; tð Þ is the noise correlation vector and v0 k;m; tð Þ is the noise interference. Plugging these vectors into Z k;mð Þ, we
get four components which are uncorrelated, i.e.,

Z k;mð Þ ¼ hH k;mð Þy k;m� tð Þ
¼ hH k;mð Þx k;m� tð Þ þ hH k;mð Þv k;m� tð Þ
¼ hH k;mð Þg�

X k;m; tð ÞX k;mð Þ þ hH k;mð Þx0 k;m; tð Þ
þ hH k;mð Þg�

V k;m; tð ÞV k;mð Þ þ hH k;mð Þv0 k;m; tð Þ

ð16Þ

and the error signal can now be written as

E k;mð Þ ¼ Y k;mð Þ � Z k;mð Þ
¼ X k;mð Þ 1� hH k;mð Þg�

X k;m; tð Þ� �� hH k;mð Þx0 k;m; tð Þ
þV k;mð Þ 1� hH k;mð Þg�

V k;m; tð Þ� �� hH k;mð Þv0 k;m; tð Þ:
ð17Þ



Fig. 1. STFT domain ALE system.
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There are two scenarios; Z k;mð Þ can either be an estimate of the noise or the desired signal, depending on which signal is
still correlated given the delay t. For the case we are investigating, where the noise is nonstationary harmonic, we will assume
that the speech signal is no longer correlated, while the noise is still correlated, meaning that Z k;mð Þ is the estimate of the
noise and E k;mð Þ is the estimate of the speech signal. The described system is shown in Fig. 1. The ideal conditions for this sys-
tem are

hH k;mð Þg�
X k;m; tð Þ ¼ 0; ð18Þ

hH k;mð Þg�
V k;m; tð Þ ¼ 1; ð19Þ

and the inherent estimation error is

�inherent k;mð Þ ¼ hH k;mð Þx0 k;m; tð Þ þ hH k;mð Þv0 k;m; tð Þ: ð20Þ
We can write the speech estimate as follows:

Xest k;mð Þ ¼ E k;mð Þ ¼ Xfd k;mð Þ þ X 0
ri k;mð Þ þ Vrn k;mð Þ; ð21Þ

where the filtered desired signal is

Xfd k;mð Þ ¼ X k;mð Þ 1� hH k;mð Þg�
X k;m; tð Þ� �

; ð22Þ
the residual interference is

X0
ri k;mð Þ ¼ �hH k;mð Þx0 k;m; tð Þ; ð23Þ

and the residual noise is

Vrn k;mð Þ ¼ V k;mð Þ 1� hH k;mð Þg�
V k;m; tð Þ� �� hH k;mð Þv0 k;m; tð Þ: ð24Þ

The ideal conditions (18)-(19) are met when the desired signal is no longer correlated with the delayed desired signal, while the
noise remains correlated. If hH k;mð Þg�

X k;m; tð Þ 6¼ 0, we get distortion of the desired signal, while if hH k;mð Þg�
V k;m; tð Þ 6¼ 1, we

get less noise reduction. This shows the importance of the delay parameter t.
3. Performance measures

The narrow-band and full-band input SNRs are, respectively,

iSNR k;mð Þ ¼ fX k;mð Þ
fV k;mð Þ ð25Þ

and

iSNR mð Þ ¼
PK�1

k¼0 fX k;mð ÞPK�1
k¼0 fV k;mð Þ

: ð26Þ

The narrow-band output SNR is defined as the ratio of the variance of the filtered desired signal over the variance of the residual
interference-plus-noise, i.e.,

oSNR h k;mð Þ½ � ¼ fXfd
k;mð Þ

fX0
ri
k;mð Þ þ fVrn

k;mð Þ ð27Þ
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where

fXfd
k;mð Þ ¼ E

����Xfd k;mð Þ
����2

� �

¼ fX k;mð Þ
����1� hH k;mð Þg�

X k;m; tð Þ
����2;

ð28Þ

fX0
ri
k;mð Þ ¼ E

����X0
ri k;mð Þ

����2
� �

¼ hH k;mð ÞFx0 k;m; tð Þh k;mð Þ;
ð29Þ

and

fVrn
k;mð Þ ¼ E

����Vrn k;mð Þ
����2

� �

¼ fV k;mð Þ
����1� hH k;mð Þg�

V k;m; tð Þ
����2 þ hH k;mð ÞFv0 k;m; tð Þh k;mð Þ;

ð30Þ

where we have defined the matrices:

Fx0 k;m; tð Þ ¼ E x0 k;m; tð Þx0H k;m; tð Þ� �
; ð31Þ

Fv0 k;m; tð Þ ¼ E v0 k;m; tð Þv0H k;m; tð Þ� �
: ð32Þ

Expanding the term:

Fx0 k;m; tð Þ ¼ E x0 k;m; tð Þx0H k;m; tð Þ� �
¼ E x k;m� tð Þ � g�

X k;m; tð ÞX k;mð Þ� �
xH k;m� tð Þ � X� k;mð ÞgT

X k;m; tð Þ� �� �
¼ Fx k;m� tð Þ � fX k;mð Þg�

X k;m; tð ÞgT
X k;m; tð Þ:

ð33Þ

Similarly,

Fv0 k;m; tð Þ ¼ Fv k;m� tð Þ � fV k;mð Þg�
V k;m; tð ÞgT

V k;m; tð Þ: ð34Þ
Plugging these into (27), we get

oSNR h k;mð Þ½ � ¼ fX k;mð Þ
����1� hH k;mð Þg�

X k;m; tð Þ
����2�

½hH k;mð ÞFx0 k;m; tð Þh k;mð Þþ
fV k;mð Þ

����1� hH k;mð Þg�
V k;m; tð Þ

����2þ
hH k;mð ÞFv0 k;m; tð Þh k;mð Þ��1:

ð35Þ

For the ideal conditions (18)-(19), we have

oSNRideal h k;mð Þ½ � ¼ fX k;mð Þ
hH k;mð ÞFx0 k;m; tð Þh k;mð Þ þ hH k;mð ÞFv0 k;m; tð Þh k;mð Þ : ð36Þ

We define the full-band output SNR as

oSNR h mð Þ½ � ¼
PK�1

k¼0 fXfd
k;mð ÞPK�1

k¼0 fX0
ri
k;mð Þ þPK�1

k¼0 fVrn
k;mð Þ

: ð37Þ

It can be verified (Benesty et al., 2009) that

iSNR h mð Þ½ ��
XK�1

k¼0

iSNR h k;mð Þ½ �; ð38Þ

oSNR h mð Þ½ ��
XK�1

k¼0

oSNR h k;mð Þ½ �: ð39Þ

The noise reduction factor quantifies the amount of noise being rejected by the filter. It is defined as the ratio of the power of
the noise at the sensor over the power of the noise remaining at the filter output. The noise reduction factor is usually expected
to be lower bounded by 1, however, as we are adding the residual interference this is not necessarily the case. The higher the
value, the more the noise is rejected. The narrow-band and full-band noise reduction factors are then
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ξnr h k;mð Þ½ � ¼ fV k;mð Þ
fX0

ri
k;mð Þ þ fVrn

k;mð Þ
¼ fV k;mð Þ � ½hH k;mð ÞFx0 k;m; tð Þh k;mð Þþ

fV k;mð Þ
����1� hH k;mð Þg�

V k;m; tð Þ
����2þ

hH k;mð ÞFv0 k;m; tð Þh k;mð Þ��1;

ð40Þ

and

ξnr h mð Þ½ � ¼
PK�1

k¼0 fV k;mð ÞPK�1
k¼0 fX0

ri
k;mð Þ þPK�1

k¼0 fVrn
k;mð Þ

: ð41Þ

For the ideal conditions (18)-(19):

ξnr;ideal h k;mð Þ½ � ¼ fV k;mð Þ
hH k;mð ÞFx0 k;m; tð Þh k;mð Þ þ hH k;mð ÞFv0 k;m; tð Þh k;mð Þ : ð42Þ

In practice, the filter might distort the signal. To evaluate the level of this distortion, we define the narrow-band and full-band
speech reduction factors, respectively, as

ξ sr h k;mð Þ½ � ¼ fX k;mð Þ
fXfd

k;mð Þ
¼ 1����1� hH k;mð Þg�

X k;m; tð Þ
����2

ð43Þ

and

ξ sr h mð Þ½ � ¼
PK�1

k¼0 fX k;mð ÞPK�1
k¼0 fXfd

k;mð Þ

¼
PK�1

k¼0 fX k;mð Þ
PK�1

k¼0 fX k;mð Þ
����1� hH k;mð Þg�

X k;m; tð Þ
����2
:

ð44Þ

Thus the speech reduction factor is equal to 1 if there is no distortion and is greater than 1 when distortion occurs. We can clearly
see from this ratio that the design of a filter that does not distort the speech signal is dependent on there being no remaining cor-
relation.

Another way to measure the distortion of the desired signal due to the filtering is via the desired signal distortion index,
which is defined as the mean-squared error (MSE) between the desired signal and the filtered desired signal normalized by the
variance of the desired signal. The closer the distortion index is to 0, the less the distortion. The narrow-band and full-band
desired signal distortion indexes are then

vsd h k;mð Þ½ � ¼
E

����X k;mð Þ � Xfd k;mð Þ
����2

� �

fX k;mð Þ

¼
fX k;mð Þ

����hH k;mð Þg�
X k;m; tð Þ

����2
fX k;mð Þ ¼

����hH k;mð Þg�
X k;m; tð Þ

����2
ð45Þ

and

vsd h mð Þ½ � ¼
PK�1

k¼0 E
����X k;mð Þ � Xfd k;mð Þ

����2
� �
PK�1

k¼0 fX k;mð Þ
; ð46Þ

where for the ideal conditions there is no distortion. By making the appropriate substitutions, one can derive the following rela-
tionships:

oSNR h k;mð Þ½ �
iSNR k;mð Þ ¼ ξnr h k;mð Þ½ �

ξ sr h k;mð Þ½ � ; ð47Þ

oSNR h mð Þ½ �
iSNR mð Þ ¼ ξnr h mð Þ½ �

ξsr h mð Þ½ � : ð48Þ
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4. Optimal filters

We define the narrow-band MSE as

J h k;mð Þ½ � ¼ E
����E k;mð Þ

����2
� �

¼ E
����Xfd k;mð Þ

����2
� �

þ E
����Vrn k;mð Þ

����2
� �

þ E
����X 0

ri k;mð Þ
����2

� �

¼ fX k;mð Þ
����1� hH k;mð Þg�

X k;m; tð Þ
����2 þ hH k;mð ÞFx0 k;m; tð Þh k;mð Þ

þ fV

����1� hH k;mð Þg�
V k;m; tð Þ

����2 þ hH k;mð ÞFv0 k;m; tð Þh k;mð Þ
¼ Jd h k;mð Þ½ � þ Jr h k;mð Þ½ �;

ð49Þ

where

Jd h k;mð Þ½ � ¼ E
����Xfd k;mð Þ

����2
� �

¼ fX k;mð Þ
����1� hH k;mð Þg�

X k;m; tð Þ
����2

ð50Þ

and

Jr h k;mð Þ½ � ¼ E
����Vrn k;mð Þ

����2
� �

þ E
����X0

ri k;mð Þ
����2

� �

¼ fV

����1� hH k;mð Þg�
V k;m; tð Þ

����2 þ hH k;mð ÞFv0 k;m; tð Þh k;mð Þ
þ hH k;mð ÞFx0 k;m; tð Þh k;mð Þ:

ð51Þ

We can easily see the relation between the MSEs and some of the performance measures:

oSNR h k;mð Þ½ � ¼ Jd h k;mð Þ½ �
Jr h k;mð Þ½ � ð52Þ

and

ξnr h k;mð Þ½ � ¼ fV k;mð Þ
Jr h k;mð Þ½ � : ð53Þ

We can define the full-band MSE as

J h mð Þ½ � ¼ 1
K

XK�1

k¼0

J h k;mð Þ½ �

¼ 1
K

XK�1

k¼0

Jd h k;mð Þ½ � þ 1
K

XK�1

k¼0

Jr h k;mð Þ½ �

¼ Jd h mð Þ½ � þ Jr h mð Þ½ �:

ð54Þ

It is clear that minimization of the narrow-band MSE for each index k is equivalent to minimization of the full-band MSE.

4.1. Wiener

We derive the Wiener filter by minimizing the narrow-band MSE, J h k;mð Þ½ �:

hW k;mð Þ ¼ F�1
y k;m� tð Þ fX k;mð Þg�

X k;m; tð Þ þ fV k;mð Þg�
V k;m; tð Þ� �

; ð55Þ
where

Fy k;m� tð Þ ¼ Fx k;m� tð Þ þFv k;m� tð Þ: ð56Þ
When the clean speech signal is no longer correlated after delay t, i.e. gX k;m; tð Þ ¼ 0, the Wiener filter reduces to

hW k;mð Þ
����
gX k;m;tð Þ¼0

¼ fV k;mð ÞF�1
y k;m� tð Þg�

V k;m; tð Þ: ð57Þ

If we define another error signal:

EV k;mð Þ ¼ V k;mð Þ � hHV k;mð Þy k;m� tð Þ; ð58Þ
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where hV k;mð Þ is another filter of length L, we can clearly see that this filter estimates the noise. The appropriate MSE is

J hV k;mð Þ½ � ¼ E
����EV k;mð Þ

����2
� �

¼ E
����V k;mð Þ

����2
� �

þ hHV k;mð ÞE y k;m� tð ÞyH k;m� tð Þ� �
hHV k;mð Þ

� hHV k;mð ÞE y k;m� tð ÞV� k;mð Þ½ � � E V k;mð ÞyH k;m� tð Þ� �
hV k;mð Þ

¼ fV k;mð Þ þ hHV k;mð ÞFy k;m� tð ÞhV k;mð Þ
� fV k;mð ÞhHV k;mð Þg�

V k;m; tð Þ � fV k;mð ÞgT
V k;m; tð ÞhV k;mð Þ

ð59Þ

Minimizing J hV k;mð Þ½ �, we get the Wiener filter for the noise estimate:

hV ;W k;mð Þ ¼ fV k;mð ÞF�1
y k;m� tð Þg�

V k;m; tð Þ; ð60Þ
which is the same filter we obtained previously in (57) when the clean speech is not correlated. This indicates that for the Wiener
filter in (55), hHW k;mð Þy k;m� tð Þ can be a good estimate for the noise, and as a result EW k;mð Þ ¼ Y k;mð Þ � hHW k;mð Þy k;m� tð Þ can
be a good estimate for the desired speech signal, though clearly if gX k;m; tð Þ 6¼ 0 we can expect to get some signal distortion.

The interesting thing about this method is that we can solve theWiener filter in (55) adaptively for each frequency bin. Apply-
ing the method of gradient descent (Haykin, 2014), which is an iterative adjustment applied to the filter in the direction opposite
to the gradient of the cost function, the narrow-band MSE, we can write

h k;mþ 1ð Þ ¼ h k;mð Þ � ~m kð Þ
2

@J h k;mð Þ½ �
@h

jh¼h k;mð Þ; ð61Þ

where ~m kð Þ is a fixed positive step size parameter per frequency bin, and the scaling factor of 1
2 has been introduced merely for

mathematical convenience. For the Least Mean Square (LMS) (Haykin, 2014) we ignore the expectation operator of the cost func-
tion, and so we can formulate the updating rule as

h k;mþ 1ð Þ ¼ h k;mð Þ þ ~m kð Þy k;m� tð ÞE� k;mð Þ; ð62Þ
where 0< ~m kð Þ< 2

λ max
, and λmax is the greatest eigenvalue of the correlation matrix Fy k;m� tð Þ. The LMS is suboptimal com-

pared to the Wiener filter, as the learning curve of the algorithm will asymptotically exceed the minimal MSE by an amount
termed the excess MSE. However, unlike theWiener filter, the algorithm does not require knowledge of statistical characteristics,
and it does not require inverting the correlation matrix, making it simple. This made the LMS extremely popular and many var-
iants to the algorithm have been developed, namely the simple NLMS (Haykin, 2014), which normalizes the step parameter with
the power of the input, making it dimensionless and easier to choose:

h k;mþ 1ð Þ ¼ h k;mð Þ þ m kð Þ
yH k;m� tð Þy k;m� tð Þ þ d

y k;m� tð ÞE� k;mð Þ; ð63Þ

where 0<m kð Þ<2 is a step-size parameter which should be smaller than 1 here for the algorithm to converge, and d> 0 is the
regularization parameter, which can be quite large depending on the amount of noise. In this standard form, the filter is updated
across all frames and frequencies. For stationary harmonic noise we can expect to get some estimation inaccuracy in segments
where speech is present as there could remain some speech correlation, even when the noise is absent. For non-stationary har-
monic noise we can get additional estimation inaccuracy also in segments containing the edges of the transients, given the con-
vergence speed of the algorithm. These inaccuracies lead to speech distortion.

4.2. Proposed combined approach

The conventional ALE is a forward linear predictor typically implemented by an adaptive NLMS algorithm, where a filter of
length L is used and is updated across all frames, i.e.,

E k;mð Þ ¼ Y k;mð Þ �
XL�1

l¼0

Hl k;mð ÞY k;m� l� tð Þ ¼ Y k;mð Þ � hH k;mð Þy k;m� tð Þ ð64Þ

and the filter h k;mð Þ is found using (63). We propose using a combination of both a forward linear predictor (FLP) and a backward
linear predictor (BLP), to get the combined linear predictor (CLP). The BLP is a non-causal predictor; however, we deem the use of
it acceptable as a few frames delay is reasonable in most applications, while we get the added advantage of using future informa-
tion for better noise estimation. The combination of the FLP and the BLP is done by applying on each frame the filter (either FLP
or BLP) that provides the smallest spectral error.

In addition, we propose estimating the noise (Cohen, 2003) and updating the filter only when the nonstationary harmonic
noise is present by using a noise presence detector (Cohen and Berdugo, 2001). The detector can be developed, for example, by
using a DL algorithm on a database containing medical equipment beeping sounds, similar to the implementation in (Ariav et al.,
2018; Zhang andWu, 2013; Ivry et al., 2019). These algorithms perform in a frame-by-frame manner without introducing tempo-
ral delay. As we anyway introduce a few frames of delay for the calculation of the backward filter, it would be possible to take
advantage of this oracle information for the detector implementation as well. It is possible to develop the detector with
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traditional methods as well, such as with the periodicity measure (Tucker, 1992), with the advantage of not having to collect a
large database or the need to train on it and ensure the resulting model can be generalized (this is actually one of the advantages
to the proposed ALE compared to a DL enhancer). The development of such a detector is outside the scope of this paper, and we
will assume an ideal detector, which assumes knowledge of the noise signal. Let H 0 and H 1 be two hypotheses denoting noise
presence and absence, respectively, and let I k;mð Þ be a noise indicator, given by

I k;mð Þ ¼ 1; V k;mð Þ2H 0

0; V k;mð Þ2H 1
:

	
ð65Þ

Another option we propose for the noise indicator would be to use the MI approach calculation for step size mðkÞ to identify the
frequencies that contain harmonic noise (Taghia and Martin, 2016). This frequency only indicator requires some temporal delay,
as the MI is calculated for a block of frames.

For filter length L>1, when the noise transients are only starting, not enough samples of noise are present for the entire filter
length. Instead of taking the samples where noise is not present to zero (pre-windowing), we use a set of filters with changing
length, based on the available amount of noise samples, until the maximal filter length of L. We denote the forward predictor per
filter length as

E‘f k;mð Þ ¼ Y k;mð Þ � I k;mð Þ ¢
X‘

i¼0

H�
‘;i k;mð ÞY k;m� i� tð Þ

¼ Y k;mð Þ � I k;mð Þ ¢ hH‘ k;mð Þy‘ k;m� tð Þ;
ð66Þ

where

h‘ k;mð Þ ¼ H‘;0 k;mð Þ; . . . ;H‘;‘ k;mð Þ� �
T ;

y‘ k;m� tð Þ ¼ Y k;m� tð Þ;Y k;m� t � 1ð Þ; . . . ; Y k;m� t � ‘ð Þ½ �T ; ð67Þ

and

‘ ¼ ‘
0 j
X‘0
i¼0

I k;m� i� tð Þ ¼ ‘
0 þ 1; ‘

0 ¼ 0;1; . . . ; L� 1

8<
:

9=
;: ð68Þ

The forward predictor, the FMLNLMS (forward-mapped-L-NLMS), is then

Ef k;mð Þ ¼ Emax‘
f k;mð Þ: ð69Þ

Similarly, we define the backward predictor per filter length as

Epb k;mð Þ ¼ Y k;m� Lð Þ � I k;m� Lð Þ ¢
Xp
i¼0

G�
p;i k;mð ÞY k;m� iþ tð Þ

¼ Y k;m� Lð Þ � I k;m� Lð Þ ¢ gHp k;mð Þyp k;mþ tð Þ;
ð70Þ

where

gp k;mð Þ ¼ Gp;0 k;mð Þ; . . . ;Gp;p k;mð Þ� �
T ;

yp k;mþ tð Þ ¼ Y k;mþ tð Þ; Y k;mþ t � 1ð Þ; . . . ;Y k;mþ t � pð Þ½ �T ; ð71Þ

p ¼ ‘
0 j
X‘0
i¼0

I k;m� iþ tð Þ ¼ ‘
0 þ 1; ‘

0 ¼ 0;1; . . . ; L� 1

8<
:

9=
;; ð72Þ

and the backward predictor, the BMLNLMS (backward-mapped-L-NLMS), is then

Eb k;mð Þ ¼ Emaxp
b k;mð Þ: ð73Þ

Finally, the signal estimate for the combined linear predictor, the CMLNLMS (combined-mapped-L-NLMS), is the filter which pro-
vides the smallest spectral error per frame:

Ec k;mð Þ ¼
Eb k;mþ Lð Þ;

����Eb k;mþ Lð Þ
����2�

����Ef k;mð Þ
����2and

����Eb k;mþ Lð Þ
����2�

����Y k;mð Þ
����2

Ef k;mð Þ;
����Eb k;mþ Lð Þ

����2 >
����Ef k;mð Þ

����2and
����Ef k;mð Þ

����2�
����Y k;mð Þ

����2
Y k;mð Þ; else

:

8>>>>><
>>>>>:

ð74Þ

The FMLNLMS reduces the noise transient after a delay determined by the step size and the de-correlation delay parameters,
and hence residuals of the noise would remain at the beginning of the noise transient. For the BMLNLMS, accordingly, residuals
would remain at the end of the transient. By using the combined CMLNLMS filter, we are able to increase the reduction span of
the noise transient, thus reducing the amount of noise residuals, as will be demonstrated in the experimental results section.
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As we also apply the filters based on a noise presence indicator (Mousazadeh and Cohen, 2013), we do not process the speech
signal where it is not necessary and so we do not incur the inherent estimation error which is dependent on the speech correla-
tion. Thus we are able to preserve the speech components where noise is not present.

Note that if the spectral error of either the FMLNLMS or BMLNLMS is larger than the noisy signal spectra, we do not use either
of the filters’ results, rather we use the noisy signal itself. This is done to avoid over-estimation of the noise.
5. Experimental results

The evaluation is done on speech signals taken from the TIMIT database (Garofolo, 1993), including 20 different utterances,
each utterance is from a different speaker, half of the utterances are from male speakers and half from female speakers. The sig-
nals are sampled at 16 kHz and degraded by nonstationary harmonic noise with overall SNR in the range 0;20½ � dB. The noisy sig-
nals are transformed to the time-frequency domain using STFT, which is implemented with overlapping Hamming analysis. The
overlap-add method is used for the signal reconstruction in the time domain. For the noise, different nonstationary harmonic
noise signals such as heart monitor beeping, train door beeping, house alarm, smoke alarm, and rail road crossing bells were col-
lected to form a database of 26 different signals (BBC Sound Effects, http://bbcsfx.acropolis.org.uk ; Freesound, https://freesound.
org ; SoundBible, https://soundbible.com ; YouTube, https://www.youtube.com). The database contains both real-life recorded
signals and synthesized signals generated for sound effects. The signals were converted from stereo to mono and down-sampled
to 16 kHz for our use.

To implement the ideal noise detector, we define a threshold value relative to the maximum spectrum of the nonstationary
harmonic noise. If the noise spectrum is above this threshold, we consider the noise to be present; if it is equal or below it, we
consider the noise to be absent:

I k;mð Þ ¼ 1; 20 log10

����V k;mð Þ
����� max 20 log10

����V k;mð Þ
����

	 
� �
> Ithreshold

0; else

8<
: ð75Þ

This ideal detector assumes knowledge of the noise signal. By using different Ithreshold values and the frequency only detector
based on the MI approach, we can emulate the impact of a non-ideal noise detector, which would not assume such knowledge.

We evaluate the performance of our proposed approach using the distortion index and noise reduction factor, where we
investigate the measures as defined in Section 3, which we designate the orthogonal decomposition (OD) measures where the
residual interference is treated as part of the noise. We compare the ODmeasures to the traditional performance measures where
the residual interference is part of the filtered desired signal (Benesty et al., 2009). In addition, we use the perceptual evaluation
of speech quality (PESQ) measure (ITU-T, 2007) and the short-time objective intelligibility (STOI) measure (Taal et al., 2011),
where larger values of PESQ and STOI indicate better quality and intelligibility, respectively.

5.1. Correlation vector

To evaluate the correlation vector gX k;m; tð Þ, we define the vector:

x1 k;m; tð Þ ¼ X k;mð Þ;X k;m� 1ð Þ; . . . ;X k;m� tð Þ; . . . ;X k;m� t � Lþ 1ð Þ½ �T 2C Lþtð Þ�1 ð76Þ
and its correlation matrix:

Fx1 k;m; tð Þ Lþtð Þ� Lþtð Þ ¼ E x1 k;m; tð ÞxH1 k;m; tð Þ� �
: ð77Þ

The correlation vector of speech is then the transpose of the first row vector ofFx1 k;m; tð Þ from location t, normalized by its first
element:

gX k;m; tð Þ ¼ E X k;mð Þx� k;m� tð Þ½ �
E

����X k;mð Þ
����2

� � ¼ ð78Þ

¼ Fx1 k;m; tð Þ 1; t : t þ Lð Þð Þ
Fx1 k;m; tð Þ 1;1ð Þ ð79Þ

and the delayed correlation matrix is the matrix block from row and column t þ 1:

Fx k;m� tð Þ ¼ Fx1 k;m; tð Þðt þ 1 : t þ L; t þ 1 : t þ LÞ: ð80Þ
We evaluate in a similar fashion the noise correlation vector gV k;m; tð Þ and the delayed correlation matrixFv k;m� tð Þ.

We examine the correlation vectors behavior in Fig. 2. We see that the absolute value of the correlation vector of the speech
signal is reduced compared to that of the noise and it decays faster per delay t. Hence, Z k;mð Þ would be a better estimate of the
noise than of the speech signal, though we can expect distortion as the delayed speech signal correlation is clearly not zero. This
demonstrates the existing tradeoff between the noise reduction and distortion. The noise reduction will be better for smaller
delay t as the noise correlation is higher, but the speech signal distortion will be higher as also the speech correlation is higher.

http://bbcsfx.acropolis.org.uk
https://freesound.org
https://freesound.org
https://soundbible.com
https://www.youtube.com


Fig. 3. Spectrogram of a 3.4 s female speech signal corrupted by a synthetic nonstationary harmonic noise at 10 dB SNR.

Fig. 2. Absolute value of the correlation vectors vs. delay parameter t for all database clean speech signals (blue square) and for all database nonstationary har-
monic noise signals (red circle), for filter length L ¼ 1, window length K ¼ 512 and 75% overlap. (For interpretation of the references to colour in this figure leg-
end, the reader is referred to the web version of this article.)
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For smaller window lengths or for larger percentage overlaps, the correlations can be expected to decay more slowly. We will
continue the analysis with overlap of 75% to retain high correlation, and use window length K ¼ 512.

5.2. Least squares

For illustrative purposes, we start the analysis with the least-squares (LS) filter (Haykin, 2014; Manolakis et al., 2005) and a
synthetic nonstationary harmonic noise corrupting a 3.4 s long female speech signal from the database. The noisy speech signal
is shown in Fig. 3. The noise is generated by adding harmonics in different frequencies modulated by trapezoidal trains in the
time domain to white Gaussian noise (WGN). We use a threshold value of �25 dB for the noise detector, and compare between
the OD performance measures in Section 3, and the traditional performance measures.

Observing Fig. 4, which shows the resulting performance measures for the different filters, we see that, as expected, the
speech signal is still correlated to its delayed version. As we increase delay t, the correlation and hence the signal distortion
decrease, and as the noise signal also becomes less correlated as t increases, the noise reduction also decreases. These trends are
true for all filter types: the FLP, BLP, and the proposed CLP. The residual interference is considered part of the distortion for the
traditional definition compared to the OD definition. Accordingly, we see that the traditional distortion index decreases as t
increases to a higher level than the OD distortion index. While on the other hand, the noise reduction for the OD definition is
lower than the noise reduction for the traditional definition, as we compare the original noise level to the residual noise plus
residual interference. In fact, in Fig. 5, which demonstrates the distortion index and noise reduction factor for the CLP filter at



Fig. 4. (a) Distortion index, (b) noise reduction factor, (c) PESQ, and (d) STOI for LS ALE filter applied on the 3.4 s female speech signal corrupted by synthetic non-
stationary harmonic noise at 10 dB SNR for varying delay t and filter length L ¼ 3, for the different LS filters: FLP (red square), BLP (black diamond), and CLP (blue
asterisk). Solid lines are for traditional performance measures definition, the dashed lines are for the OD definition in Section 3. Dashed green is for the unpro-
cessed noisy signal. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Fig. 5. (a) Distortion index and (b) noise reduction factor for CLP LS ALE filter applied on the 3.4 s female speech signal corrupted by synthetic nonstationary har-
monic noise at 10 dB SNR for varying delay t and different filter lengths L2 3;5;8;10f g. Solid lines are for traditional performance measures definition, the dashed
lines are for the OD definition in Section 3. Dashed green is for the unprocessed noisy signal. (For interpretation of the references to colour in this figure legend,
the reader is referred to the web version of this article.)
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Fig. 6. Average noise reduction ratio (NRR) per frame for the LS filters applied on a 3.4 s female speech signal corrupted by synthetic nonstationary harmonic
noise at 10 dB SNR, filter length L ¼ 3 and with delay (a) t ¼ 1 and (b) t ¼ 3, where red square is for the forward filter, black diamond is for the backward filter,
blue asterisk is for the combined filter, solid magenta is the spectral noise level at 1 KHz given the specified indicator shifted by 25 dB, and dashed magenta is the
spectral noise level at 1 KHz shifted by 25 dB. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this
article.)
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different filter lengths, we see that the OD noise reduction factor can go below 0 dB. This means that from the OD perspective we
are enhancing the noise and not suppressing it. This does not reflect in the perception of quality of the enhanced signal seen in
the PESQ level, or in the intelligibility seen in the STOI level, where we have improved levels compared to the unprocessed noisy
signal. The results for PESQ and STOI at the different filter lengths are very similar, so only the result for a single filter length is
shown in Fig. 4. The general trend for PESQ and STOI is also a decrease in value as we increase the delay; hence the noise reduc-
tion decrease is more dominant than the distortion decrease.

We observe the dependence on filter length in Fig. 5. For the OD distortion index, longer filter length means we are deducting
more correlated components from the current speech signal, so the distortion increases as the filter length increases. For the tra-
ditional distortion index, both the amount of correlated speech being deducted from the speech and the amount of residual inter-
ference increase as we increase the filter length; therefore the distortion index also increases. For the OD noise reduction factor,
for longer filter lengths we get more residual interference which is more dominant than the improvement in the noise modeling,
so we get lower noise reduction. For the CLP filter, the traditional noise reduction dependence on the delay t becomes smaller.
This will be explained presently. In Fig. 4 we see that for the traditional definition the CLP has better noise reduction than the FLP
and the BLP. For the OD definitions though, the CLP has lower noise reduction. Again, this does not reflect the PESQ and STOI lev-
els which are better for the CLP.

Fig. 6 illustrates the reduction of the noise transients (noise only) for each filter, given the delay parameter and filter length. As
expected, the forward and backward filters do not reduce the entire transient. The FLP reduces the transient starting after delay t
until the end of the transient, while the BLP starts from the beginning until t þ 1 from the end of the transient. Using the combi-
nation of both FLP and BLP, the CLP reduction of the transient spans the entire length of the transient. At the edges of the tran-
sient, the noise level is low; however the LS filter uses the same average filter coefficients to estimate it, so it is possible to
overestimate the noise. One way to mitigate this, as was implemented here, is to use the filtered results only if the spectral error
is smaller than the noisy signal spectra. Another case where the noise can be overestimated is when the transient edge overlaps
speech components, and the noise is estimated erroneously based on the higher-leveled speech. This becomes more pronounced
with longer delay, as can be seen in Fig. 6. In this we see the clear impact of the noise detector. For a higher threshold used, we
will get less overestimation of the level of the noise; however, as we can expect, we will get also less noise reduction since we
are taking into account less noise to be reduced. For the CLP filter, since we span the entire transient regardless of t, the tradi-
tional noise reduction dependence on the delay t becomes smaller, as we saw earlier. Some dependence remains, as the correla-
tion of the noise does reduce as t increases, and therefore we see that for larger delay t we still have less noise reduction.

Given the results for the LS filters using the OD definitions, we continue the analysis with the traditional performance meas-
ures only.

5.3. Adaptive filtering

All other experiments are done with noise signals from the collected database. We use the adaptive NLMS filter, where we
compare between the forward filter (FMLNLMS) in (69), the backward filter (BMLNLMS) in (73), and the proposed combined filter
(CMLNLMS) in (74). In addition, we compare the performance of our proposed approach to the conventional forward NLMS with
fixed step size, as well as to the MI approach in (Taghia and Martin, 2016). We also propose joining the MI approach and the



Fig. 7. Average (a-c) distortion index, (d-f) noise reduction factor, (g-h) PESQ, and (j-l) STOI, for the adaptive filters applied on ten different speech signals each
from a different speaker, half female half male, corrupted by 3 different types of nonstationary harmonic noise whose spectrograms are: (m) hospital beeping 1,
(n) hospital beeping 2, and (o) house fire alarm, at 10 dB SNR for varying delay t and filter length L ¼ 3, where red square is for the forward filter, black diamond
is for the backward filter, blue asterisk is for the proposed combined filter, cyan circle is for the combined filter using MI, and magenta triangle is for the standard
MI. Dashed green is the result for the unprocessed noisy signal.(a,d,g,j) are the average results for noise (m), (b,e,h,k) are the average results for noise (n) and (c,f,
i,l) are respectively the average results for noise (o). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version
of this article.)
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combined filter by using the MI approach calculation for step size m kð Þ and the identification of the frames that contain noise, i.e.
use the MI as the noise indicator with the calculated step size. We compare this to the previously mentioned methods as well.

We should note that for the MI calculation in (Taghia and Martin, 2016) a decision block was included to determine whether
the clean signal is corrupted by harmonic noise, represented by coefficient Qm which would get 1 if it is corrupted by harmonic
noise and 0 otherwise. This coefficient multiplies the step size, so if Qm ¼ 0, the step size is zero and the noisy signal does not get
processed. It is set according to a threshold level, which was decided upon based on a comparison of random noise types such as
babble and WGN to harmonic noises such as vehicle engine and traffic. For the highly nonstationary harmonic noises that we
evaluate, the resulting coefficient Qm is typically zero. Hence, we disregard this coefficient in our analysis and always process the
noisy signal.

In Fig. 7 we show the average performance measures for the different adaptive filters applied on different speech signals from
different speakers corrupted by three different types of real nonstationary harmonic signals, specifically two different hospital
beeping noises and a house fire alarm. Similar to the LS, we see that using the combined filter we are improving on all the meas-
ures compared to the forward or backward filters standalone, except for additional distortion in some cases. We clearly see that
the proposed combined filter outperforms the MI approach. As expected, the proposed combined approach achieves less distor-
tion than the MI approach, since it employs an indicator on frames as well as frequencies. It is worth noting that also for the MI-
combined approach which implements the MI indicator while using the combination of forward and backward NLMS filters we
get an improvement over the standard MI approach. In fact, with the MI-combined we can get better results for some of the
measures compared to the combined, when the nonstationary harmonic noise is almost constant per frame. This can also occur
for large values of the delay parameter and a long filter, as demonstrated in Fig. 8, where we compare the combined and the MI-
combined for varying delay parameter and different filter lengths for hospital beeping 1 noise. For the proposed combined
approach, an appropriate selection of step size m is still required for optimal results. This remains unchanged from the
Fig. 8. Average (a) distortion index, (b) noise reduction factor, (c) PESQ, and (d) STOI, for the adaptive filters applied on ten different speech signals each from a
different speaker, half female half male, corrupted by hospital beeping 1 noise at 10 dB SNR for varying delay t and different filter lengths L, where solid lines are
for the combined filter and dashed lines are for the MI-combined filter. Dashed green is the result for the unprocessed noisy signal. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)



Fig. 9. Average NRR per frame at 1 KHz for adaptive filters applied on a 3.4 s female speech signal corrupted by a hospital beeping 1 noise at 10 dB SNR, filter
length L ¼ 3 and with delay t ¼ 3 for (a) MLNLMS with m ¼ 0:5 and indicator threshold=�25 dB, (b) MLNLMS with m ¼ 0:5 and indicator threshold=�40 dB, and
(c) MI-MLNLMS. Where red square is for the forward filter, black diamond is for the backward filter, blue asterisk is for the combined filter, solid magenta is the
spectral noise level given the specified indicator shifted by 25 dB, and dashed magenta is the spectral noise level shifted by 25 dB. (For interpretation of the refer-
ences to colour in this figure legend, the reader is referred to the web version of this article.)

Table 1
Average results for ten different speech signals each from a different
speaker, half female half male, degraded by three different types of nonsta-
tionary harmonic noise at 10 dB SNR: hospital beeping 1, hospital beeping 2,
and house fire alarm, with delay t ¼ 1 and filter length L ¼ 3. The perfor-
mance of the CMLNLMS with different noise indicators is presented, in addi-
tion to the unprocessed noisy condition, in terms of quality measure PESQ,
intelligibility measure STOI, distortion index vsd, noise reduction factor ξnr,
and overall oSNR.

Method PESQ STOI vsd ξnr [dB] oSNR [dB]

Hospital beeping 1
Unprocessed 2.5222 0.9606 0 0 10
MI-CMLNLMS 2.8733 0.9578 0.0569 7.2855 16.7384
CMLNLMS -25dB 3.0887 0.9855 0.0014 10.4996 20.5596
CMLNLMS -40dB 3.118 0.985 0.0071 10.5385 20.5733
Hospital beeping 2
Unprocessed 1.6893 0.9181 0 0 10
MI-CMLNLMS 2.2099 0.9336 0.0312 7.9484 17.5639
CMLNLMS -25dB 2.5256 0.9484 0.0042 9.2039 19.2213
CMLNLMS -40dB 2.4382 0.9174 0.0205 9.3499 19.2804
House fire alarm
Unprocessed 1.8442 0.9582 0 0 10
MI-CMLNLMS 3.1218 0.9795 0.0126 11.4893 21.2375
CMLNLMS -25dB 3.0227 0.9819 0.0008 10.939 20.9498
CMLNLMS -40dB 3.0199 0.9819 0.0013 11.0794 21.0885
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conventional NLMS. Larger values of the step size lead to faster convergence which results in better noise reduction; however, we
also get more distortion. From m ¼ 0:5 and larger there is no significant improvement in the noise reduction, but as mentioned
the distortion increases, hence, we continue the analysis with m ¼ 0:5. Another approach not investigated here, would be to use
the maximum between the MI calculated step to a fixed value such as the selected 0.5. This is expected to improve the results of
the combined compared to the MI-combined for cases such as the house fire alarm.

Fig. 9 illustrates the adaptive filters behavior for the noise transients reduction. We get similar behavior to the LS filter, where
the combined filter has increased reduction span of the transient compared to the forward or backward filters standalone. We
see a similar improvement using the combined filter with the MI approach compared to the standard MI approach which uses a
forward NLMS (shown by the red square curve). Fig. 9 also demonstrates the reduction of the transient given different indicators:
an indicator with threshold value of �25 dB, an indicator with threshold value of �40 dB, and an indicator based on the MI, as
used in the MI-CMLNLMS described above. Table 1 shows that the range of results for the CMLNLMS between an almost ideal
detector (�40 dB threshold) and a degenerate detector that only detects harmonic frequencies (MI) is not large, when the optimal
results are not necessarily achieved for the better detector. Therefore, a reasonable amount of misdetection or false-detection in
an implemented indicator is not expected to have a large impact.

In (69) and (73) we calculate the filters for a set of filters, from length 1 to length L per the noise presence and use the maximal
filter length available. The advantage of the filter length set compared to a single fixed length for each standalone forward or
backward filter is clear. We can start filtering when the samples where noise is present are few. For the combined filter, the main



Fig. 10. Average (a) DLSD, (b) DSegSIR, (c) DPESQ, and (d) DSTOI, for the proposed CMLNLMS adaptive filter with delay t ¼ 1, filter length L ¼ 3, step size
m ¼ 0:5, and indicator threshold=�25 dB applied on ten different speech signal each from a different speaker, half female half male, corrupted by hospital beeping
1 (black asterisk), hospital beeping 2 (blue circle) and house fire alarm (red diamond) noises at 10 dB SNR, for reverberant room size 5� 6� 4 m, with fixed 1 m
distance between the speech source and the microphone and fixed 2 m distance between the noise source and the microphone, for varying T60. D is calculated
between the processed signal results to the unprocessed reverberant noisy signal results. (For interpretation of the references to colour in this figure legend, the
reader is referred to the web version of this article.)
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advantage is for the scenario when there is no overlap between the forward and the backward filters, which can happen when
the transient is short compared to the delay. From Fig. 8 we see that at larger delays shorter filters have better performance. This
can be expected, as at large delay the correlation of both the noise and the signal to their delayed version is reduced. Therefore,
we recommend keeping the filter length short, to reduce the required computing resources, to reduce the distortion which gen-
erally increases as the filter length is longer, and to achieve overall better performance. As we do not want to introduce a large
delay into the system, and given the shown results, we recommend to choose t to be 1 or at least no more than a few frames. For
smaller window size, this should scale up, i.e. a larger delay could be used.

Additional background noise that is stationary and random, such as WGN, gets decorrelated by the delay parameter and so is
not expected to have an impact on the results. A more interesting case is when the environment is reverberant. The reverbera-
tions, which are reflections of the source signal from walls and other obstacles arriving at different delays to the microphone are
correlated to the source signal, and hence can impact the ALE performance. We generate the reverberations by convolving the
anechoic speech and anechoic nonstationary harmonic noise with synthetic Room Impulse Responses (RIRs). The RIRs are gener-
ated by Matlab implementation Habets (2014) of the image method Allen and Berkley (1979). We perform the following test: we
vary T60 while keeping the distances between the microphone-to-sources fixed. The performance is now evaluated using the seg-
mental signal-to-interference ratio (SegSIR) and the log spectral distance (LSD), see Habtes et al. (2008) for the equations, as well
as PESQ and STOI. As a reference for these performance measures we use the (properly delayed) anechoic speech signal. In
Fig. 10 we show the performance of the proposed combined CMLNLMS filter, when we simulated a room size of 5� 6� 4 m
(length�width�height) with 1 m distance between microphone to speech source and 2 m distance between microphone to noise
source. The results were averaged across different utterances from different speakers, and are presented as Dwhich is the differ-
ence between the resulting performance for the processed signal to the results for the unprocessed signal. The results for three
different nonstationary harmonic noise types are shown. We clearly observe that even under different reverberant conditions



Table 2
Results for speech database degraded by nonstationary harmonic noise
database at 0,10, and 20 dB SNR, with delay t ¼ 1 and filter length L ¼ 3.
The performance of the conventional NLMS with fixed step size
m ¼ 0:05, the MI approach, the proposed the joint MI-CMLNLMS, and the
proposed CMLNLMS with step size m ¼ 0:5 are presented, in addition to
the unprocessed noisy condition, in terms of quality measure PESQ,
intelligibility measure STOI, distortion index vsd, noise reduction factor
ξnr, and overall oSNR.

Method PESQ STOI vsd ξnr [dB] oSNR [dB]

iSNR 20 [dB]
Unprocessed 3.1405 0.986 0 0 20
NLMS-0.05 2.8187 0.961 0.1263 2.6729 21.1417
MI 3.208 0.9778 0.0471 3.4674 22.9966
MI-CMLNLMS 3.231 0.9782 0.0465 3.6651 23.1704
CMLNLMS-0.5 3.4202 0.9885 0.024 5.6781 25.5897
iSNR 10 [dB]
Unprocessed 2.3409 0.9458 0 0 10
NLMS-0.05 2.17 0.9307 0.1294 4.606 13.0758
MI 2.5134 0.9551 0.0494 5.6614 15.1939
MI-CMLNLMS 2.5519 0.9568 0.0487 6.0447 15.553
CMLNLMS-0.5 2.6913 0.9712 0.0231 8.2737 18.194
iSNR 0 [dB]
Unprocessed 1.662 0.8663 0 0 0
NLMS-0.05 1.6107 0.8669 0.136 6.0182 4.4684
MI 1.8383 0.8988 0.0561 7.1133 6.6275
MI-CMLNLMS 1.8618 0.9019 0.055 7.6637 7.1537
CMLNLMS-0.5 1.8957 0.9185 0.0216 9.7319 9.678
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(varying T60) the proposed filter improves on the performance as DPESQ, DSTOI, and DSegSIR are positive and DLSD is negative.
It is interesting to note that as the reverberation time is larger we generally get reduction in the performance of the ALE filter,
meaning that the relationship between the correlation vectors as shown in Fig. 2 has shifted. Specifically for the house fire alarm
from a relatively low T60 DSegSIR and DLSD become almost flat. This noise has very short stops between the repetitions of the
harmonic so that even with a small T60 the noise and the reverberations of the noise are overlapping, and effectively that har-
monic becomes present across all the frames, almost like a stationary harmonic noise, which is easier to reduce. We should note
that the proposed method does not improve on the speech reverberations as it focuses on the harmonic noise reduction. It could
be followed by another stage to clean up the speech reverberations.

Table 2 shows the mean results for the database of noise signals degrading the database of speech signals at different SNR con-
ditions (20 dB, 10 dB, and 0 dB respectively), for the different methods: the conventional NLMS with fixed step size, the MI
approach, the proposed combined filter, and the joint MI-combined filter as well as the unprocessed noisy condition. We can
clearly see that with the proposed approach of the CMLNLMS it is possible to achieve the best results for the different perfor-
mance measures. Second to the CMLNLMS would be the proposed MI-CMLNLMS approach. We should note that with a smaller
step size for the conventional NLMS with fixed step size it is possible to decrease the distortion so that it is lower than the com-
bined filter; however, we would get even lower noise reduction and oSNR which are already lower than the combined filter.

To conclude this section, we present in Fig. 11 the resulting spectrograms of the enhanced signals for the MI approach and for
the proposed CMLNLMS with m ¼ 0:5 and �25 dB threshold. By applying the proposed approach, we are able to remove most of
the highly nonstationary harmonics with little residuals remaining, while with the MI approach clearly more residuals remain.
We should note that the higher frequency harmonic was not reduced in this example as it was below the level of the threshold
used for the noise indicator.

6. Conclusions

ALE is commonly implemented with a forward NLMS adaptive filter. Here we proposed using an additional non-causal back-
ward NLMS adaptive filter and taking a combination of the forward and backward filters according to the minimal spectral error
to reduce nonstationary harmonic noise. The combination of these two filters enables better reduction of the noise transients,
compared to using only the forward filter, which would only start reducing each noise transient after the de-correlation delay.
We showed that our proposed approach is effective compared to conventional forward NLMS with fixed step size and the MI
approach; it improves the noise reduction and improves the speech quality and the speech intelligibility, while introducing little
distortion. In addition, we showed that the improvement in results holds for different SNR conditions.

We used the combined filter with a noise indicator allowing for lower distortion and better noise reduction. Though the
development of the indicator was outside the scope of this paper, we showed that by using different indicators, including a
degenerate indicator that only detects the harmonic frequencies, we were able to improve on the results. Finally, we explained
the behavior of the filter for the different parameters, the step size, the de-correlation delay, and the filter length, and provided
recommendations on the selection of these parameters. The proposed ALE system was shown to reduce nonstationary harmonic



Fig. 11. Spectrograms of (a) 3.4 s female clean speech signal from the database, (b) speech signal corrupted by nonstationary harmonic hospital beeping 1 noise at
10 dB SNR, (c) enhanced signal obtained from the MI approach, and (d) enhanced signal obtained from the proposed CMLNLMS with m ¼ 0:5. The results are
obtained with filter length L ¼ 3, de-correlation delay t ¼ 1, and indicator threshold of �25 dB for the combined filter.
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noise. For reduction of the random wide-band components of the noise, the ALE can be used as the first stage of a two stage sys-
tem, where it is followed by a traditional speech enhancement method.

Future work will check the impact of using a frequency dependent threshold value for the noise detector implementation and
include subjective listening tests to further validate the results. Additionally, the performance of the proposed method under
reverberant conditions, particularity with low signal-to-noise ratio, should be further explored.
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