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Abstract—In this paper, we investigate the variance estimation
method used in the variable-step-size shared-error normalized
least mean square algorithm for the acoustic echo and noise
canceller. The variance of the shared-error signal is typically
estimated using a recursive equation, as this signal is readily avail-
able. In contrast, the disturbances of the acoustic echo canceller
and adaptive noise canceller cannot be directly extracted from
the microphone input, which contains both the desired signal and
disturbances. Consequently, their variances are approximated
by subtracting the correlated components from the variance of
the shared-error signal. However, owing to misadjusted cross-
correlation vectors, the variable-step-size parameters often be-
come inappropriate. To address this, the scaling method for
the cross-correlation vectors within the variance estimation is
modified in this paper. Simulation results demonstrate that the
proposed method improves stability during and after the double-
talk period. Nevertheless, the update of the adaptive digital filters
is continued under the double-talk period, degrading the overall
echo and noise reduction performance.

I. INTRODUCTION

In this paper, we address the variance estimator problem
in the variable-step-size shared-error normalized least mean
square (VSS-SENLMS) algorithm used in the acoustic echo
and noise canceller (AENC) [1], [2], [3], [4], [5]. The shared-
error least normalized mean square (SENLMS) algorithm for
the AENC was first proposed in [6]. This AENC consists of the
acoustic echo canceller (AEC) and Widrow’s adaptive noise
canceller (ANC) [7], both implemented with time-domain
adaptive digital filters. These filters are jointly optimized using
the shared-error signal. The SENLMS-based AENC offers the
advantage of lower computational complexity compared to
deep neural network-based systems [8], [9], [10], [11].

To enhance robustness under nonstationary noise and
double-talk conditions, a variable-step-size version of the
SENLMS algorithm has been developed [12]. It is based on
Benesty’s non-parametric variable-step-size NLMS (NP-VSS-
NLMS) algorithm [13], [14], derived via the minimization of
the mean square of the a posteriori error.

In the VSS-SENLMS algorithm, step-size parameters are
computed from the variances of several signals. The variance
of the error signal can be easily calculated because the error
signal can be directly obtained. In contrast, the variances of
disturbance and near-end signals cannot be calculated because
these signals cannot be obtained directly. Therefore, these
variances are estimated using cross-correlation vectors. How-
ever, the misadjusted cross-correlation vectors lead to negative

Fig. 1: Block diagram of AENC based on SENLMS algorithm.

variance estimates, which cause instability in the step-size
control.

In this paper, we propose a modified scaling method for the
cross-correlation vectors in the variance estimation to address
this issue. Mathematical analysis is performed to explain the
limitation of the conventional method, followed by simulations
to evaluate the effectiveness of the proposed modification.

II. AENC BASED ON SHARED-ERROR NLMS ALGORITHM
WITH VARIABLE STEP SIZE

A. Shared-error NLMS algorithm [6]

The AENC based on the SENLMS algorithm employs two
adaptive digital filters. The block diagram of this system is
shown in Fig. 1. As illustrated in Fig. 1, it includes the time-
domain AEC and Widrow’s ANC [7]. These adaptive digital
filters are updated using the shared-error signal, enabling joint
optimization.

The SENLMS algorithm is based on the normalized least
mean square (NLMS) algorithm [15], [16], [17], where the
error signal is replaced with the shared-error signal e(n). The
update equation of the filter coefficient vectors is derived by
minimizing the mean square value of the shared-error signal
defined as

e(n)=dE(n)− yEC(n) + vP(n)− yNC(n) + sP(n), (1)

where dE(n), vP(n), and sP(n) are the acoustic echo, back-
ground noise, and near-end speech signal, and yEC(n) =
hT
EC(n)u(n), and yNC(n) = hT

NC(n)xR(n) are the outputs
of the AEC and ANC, respectively. Moreover, hEC(n) and
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hNC(n) are the filter coefficient vectors of the AEC and ANC,
and u(n) and xR(n) are the reference signal vectors of the
AEC and ANC, ∥ · ∥ is the l2 norm of the vector, respectively.
Taking the gradient of the cost functions with respect to the
filter coefficient vectors yields the following update equations:

hEC(n+ 1) = hEC(n) + αEC
e(n)u(n)

∥u(n)∥2 + βEC
, (2)

hNC(n+ 1) = hNC(n) + αNC
e(n)xR(n)

∥xR(n)∥2 + βNC
, (3)

where αEC and αNC are the step size parameters of the AEC
and ANC, and βEC and βNC are the regularization parameters
of the AEC and ANC, respectively.

One challenge with the SENLMS algorithm is the tuning of
the two step-size parameters to prevent divergence. Because
the shared-error signal includes contributions from both filters,
divergence in one component (AEC or ANC) can destabilize
the entire system. This makes the parameter tuning particularly
sensitive, especially under nonstationary noise or double-talk
conditions.

B. Variable-step-size SENLMS algorithm [12]

To address the instability caused by fixed-step-size param-
eters in the SENLMS algorithm, a variable-step-size version
(VSS-SENLMS) was proposed in [12]. This version builds
upon the non-parametric variable-step-size NLMS (NP-VSS-
NLMS) algorithm introduced by Benesty et al. [13], [14], and
achieves the step-size control by minimizing the mean square
of the a posteriori error. The a posteriori error is defined as

ε(n) = dE(n)− hT
EC(n+ 1)u(n)

+ vP(n)− hT
NC(n+ 1)xR(n) + sP(n). (4)

The adaptive filters are updated with time-varying step-size
parameters as follows:

hEC(n+ 1) = hEC(n) + αv,EC(n)e(n)u(n), (5)
hNC(n+ 1) = hNC(n) + αv,NC(n)e(n)xR(n). (6)

Substituting (5) and (6) into (4), we obtain the mean square
value of the a posteriori error as

E
[
ε2(n)

]
=σ2

e(n)
[
1−∥u(n)∥2αv,EC(n)

−∥xR(n)∥2αv,NC(n)
]2

, (7)

where σ2
e(n) = E

[
e2(n)

]
, and ∥u(n)∥2 and ∥xR(n)∥2

are treated as constant at time n. If we set E
[
ε2(n)

]
=

E
[
s2P(n)

]
= σ2

s(n), we obtain the constraint:

∥u(n)∥2αv,EC(n)+∥xR(n)∥2αv,NC(n)=1−
√

σ2
s(n)

σ2
e(n)

. (8)

This equation involves two unknowns, αv,EC(n) and
αv,NC(n), and thus is underdetermined.

To solve this, in [12], Benesty’s NP-VSS-NLMS algorithm
directly adopted for estimating αv,EC(n): 1

αv,EC(n)=
αVSS,EC(n)

∥u(n)∥2 =
1

∥u(n)∥2


1−

√
σ2
v,EC(n)

σ2
e(n)


 , (9)

where σ2
v,EC(n) = E

[
{vP(n)− yNC(n) + sP(n)}2

]
. Substi-

tuting (9) into (8) yields

αv,NC(n)=
αVSS,NC(n)

∥xR(n)∥2

=
1

∥xR(n)∥2

[
1−

√
σ2
s(n)

σ2
e(n)

−αVSS,EC(n)

]
. (10)

To compute (9) and (10), the variances σ2
e(n), σ2

s(n) and
σ2
v,EC(n), must be estimated. The shared-error signal e(n) can

be directly obtained, and its variance is recursively estimated
as [13]

σ2
e(n) = λσ2

e(n− 1) + (1− λ) e2(n), (11)

where λ(0 << λ < 1) is the smoothing factor. In contrast,
sP(n) and vEC(n) = vP(n) − yNC(n) + sP(n) cannot be
directly observed, and their variances σ2

s(n) and σ2
v,EC(n) are

estimated using the following [18]:

σ2
s(n) = σ2

e(n)−
∥reu(n)∥2
σ2
u(n)

− ∥rex(n)∥2
σ2
x(n)

, (12)

σ2
v,EC(n) = σ2

e(n)−
∥reu(n)∥2
σ2
u(n)

, (13)

σ2
x(n) = λσ2

x(n− 1) + (1− λ)x2
R(n), (14)

σ2
u(n) = λσ2

u(n− 1) + (1− λ)u2(n), (15)
reu(n) = λreu(n− 1) + (1− λ) e(n)u(n), (16)
rex(n) = λrex(n− 1) + (1− λ) e(n)xR(n). (17)

By adapting αv,EC(n) and αv,NC(n) using (9) and (10),
the VSS-SENLMS algorithm can suppress divergence while
maintaining effective echo and noise reduction performance.

However, it has been reported in [19] that under double-talk
conditions, the inaccurate estimation of σ2

s(n) and σ2
v,EC(n)

can still cause instability. This underscores the need for further
investigation into improved variance estimation methods.

III. INVESTIGATION OF VARIANCE ESTIMATION

As discussed in Sect. II, the estimation of σ2
s(n) and

σ2
v,EC(n) using (12) and (13) is prone to low accuracy. This

is primarily because these equations rely on scaled cross-
correlation terms, which are sensitive to the wrong estimation
of the variances and can lead to the instability of the variable-
step-size parameters. In particular, the numerator of each term
involves cross-correlation vectors scaled by the squared l2
norms of the reference signals, potentially introducing mis-
matches in time.

1vP(n), yNC(n), and sP(n) are the disturbances for the AEC. Hence,
vEC(n) = vP(n)− yNC(n) + sP(n).
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To illustrate this issue, consider expanding the term
∥reu(n)∥2 from (13) as follows:

∥reu(n)∥2 = λ2∥reu(n− 1)∥2 + λ (1− λ) e(n)rTeu(n− 1)u(n)

+λ (1− λ) e(n)uT(n)reu(n− 1)+(1−λ)
2
e2(n)∥u(n)∥2.

(18)

Dividing ∥reu(n)∥2 by σ2
u(n) yields

∥reu(n)∥2
σ2
u(n)

=λ2 ∥reu(n− 1)∥2
σ2
u(n)

+λ (1− λ)
e(n)rTeu(n− 1)u(n)

σ2
u(n)

+λ (1− λ)
e(n)uT(n)reu(n− 1)

σ2
u(n)

+(1− λ)
2 e2(n)∥u(n)∥2

σ2
u(n)

. (19)

Here, it is evident that reu(n − 1) ∝ u(n − 1), whereas the
current scaling uses σ2

u(n), introducing mismatches in time.
In other words, σ2

u(n) is not synchronized with reu(n− 1) ∝
u(n − 1). This time lag can degrade the estimation accuracy
of the cross-correlation vectors.

To mitigate this issue, in this paper, we here propose a
modified scaling approach where the cross-correlation vector
is normalized using the standard deviation σu(n) in the same
time frame. Specifically, the estimation is redefined as

σ2
v,EC(n) = σ2

e(n)− ∥reu(n)∥2, (20)

reu(n) = λreu(n− 1) + (1− λ) e(n)
u(n)

σu(n)
. (21)

Expanding ∥reu(n)∥2 under this modification, we obtain

∥reu(n)∥2=λ2∥reu(n− 1)∥2+λ (1− λ)
e(n)rTeu(n− 1)u(n)

σu(n)

+λ (1− λ)
e(n)uT(n)reu(n− 1)

σu(n)
+(1− λ)

2 e2(n)∥u(n)∥2
σ2
u(n)

.

(22)

As can be seen from (22), σ2
u(n) is synchronized with u(n).

Using (21), we can expand the second term of (22) as

e(n)rTeu(n− 1)u(n)

σu(n)
= λe(n)rTeu(n− 2)

u(n)

σu(n)

+ (1− λ) e(n)e(n− 1)
uT(n− 1)u(n)

σu(n)σu(n− 1)
.

(23)

In (23), σu(n) is synchronized with u(n). For the third term
of (22), σu(n) is synchronized with u(n).

Fig. 2 shows the dynamics of the variances of the mixed
signal, far-end speech signal, and background noise at the
reference microphone estimated using (12)–(17). In Fig. 2,
“Rec.” depicts the variance estimated using the recursive
equation (11). In the case of using (11), it is assumed that the
acoustic echo and background noise are separately obtained.
Hence, the estimate obtained using (11) is the ideal value.
From Fig. 2, the variance estimated using the cross-correlation
is negative during both single- and double-talk periods. On the
other hand, the variance estimated using the recursive equation
is larger than zero. Moreover, the variance of the acoustic

(a) Mixture (b) Acoustic echo

(c) Background noise (d) Background noise (expanded
view)

Fig. 2: Variances of each signal obtained by primary micro-
phone.

TABLE I: Simulation conditions.
Far-end speech Female speech (4507)[22]
Near-end speech Male speech (1188)[22]
Background noise White noise
Signal-to-noise ratio (SNR) −5 dB
Sampling frequency 16 kHz
Tap length of each path 1024
Tap length of ADF of AEC/ANC 1024 / 1024
Regularization parameter 1.0× 10−6

echo is negative when the far-end speech is absent. Here, from
Fig. 2(d), the variance of the background noise estimated using
the modified equation converges to the ideal value faster than
that estimated using the conventional equation, although the
variance estimated using the modified equation is frequently
negative. Therefore, the modified equation (22) is appropriate
for estimating the variance.

IV. COMPUTER SIMULATION

To evaluate the effectiveness of the proposed variance
estimation method described in Sect. III, we conducted a
computer simulation to compare the conventional and mod-
ified approaches. In this simulation, the impulse responses of
each path were generated by the RIR simulator [20]. The
arrangement of the sound source and microphone is shown
in Fig. 3. Here, the direct-to-reverberant ratio (DRR) [21] of
the acoustic echo path was set to about 26 dB. Simulation
conditions are shown in Table I. The smoothing factor λ was
set to λ=1−3/2N with the tap length of the adaptive digital
filter (ADF) N . The time waveforms of the acoustic echo,
near-end speech, and background noise are shown in Fig. 4.
It can be seen from Fig. 4 that the double-talk period was
approximately between 10 and 12 s.

The time waveform of the error signal is shown in Fig. 5,
which indicates that the system with the modified estimation
method achieves the decrease of the error signal and a faster
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Fig. 3: Arrangement of sound source and microphone in
generation of room impulse response.

(a) Acoustic echo

(b) Near-end speech signal (c) Background noise

Fig. 4: Observed signals of primary microphone.

convergence. On the other hand, the update of the adaptive
filters is not stopped under double-talk condition, and the
adaptive filters are misadjusted. Then, the acoustic echo super-
imposes on the near-end speech. This is because the accuracy
of the variance estimated using the modified equation is not
sufficiently high, leading to the misadjustment of the variable-
step-size parameters.

The dynamics of each variance is shown in Fig. 6. From
Fig. 6, it can be seen that σ2

v,EC(n) estimated using the
modified equation becomes quickly asymptotic reaching to
σ2
e(n) during the non-speech period in which the background

noise only exists. During the non-speech period, vEC(n) =
vP(n) − yNC(n) and e(n) = vP(n) − yNC(n) are satisfied,
then σ2

v,EC(n) ideally becomes σ2
e(n). On the other hand,

σ2
v,EC(n) and σ2

S(n) sometimes show extremely small values.
It is expected that the second and third terms in (12) and
(13), which are related to the cross-correlation vector, will
be larger than the variance σ2

e(n). Then, the variance will
become negative, and will be outside of the range. In this
simulation, the variance is forced to be zero if the estimated
variance becomes negative.

From the above results, the effectiveness of the modified
variance estimation was demonstrated.

Fig. 5: Time waveform of error signal.

(a) Conventional estimation

(b) Proposed estimation
Fig. 6: Dynamics of variance.

V. CONCLUSION

In this study, we investigated the variance estimation
method used in the VSS-SENLMS algorithm for AENC. From
the mathematical analysis, the proposed variance estimation
method modifies the scaling of the cross-correlation vectors.
Consequently, the variance is synchronized with the cross-
correlation vectors. Simulation results demonstrate that the
proposed method improves stability during and after the
double-talk period. Nevertheless, the update of the adaptive
digital filters is continued under the double-talk period, degrad-
ing the echo and noise reduction performance. As our future
work, we plan to investigate a variance estimation technique
that does not rely on cross-correlation vectors, aiming to fur-
ther improve the robustness of the VSS-SENLMS algorithm.
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