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ABSTRACT
Conventional active noise control systems typically rely on fixed tap lengths in control filters.
Determining an appropriate tap length is challenging, even within a straightforward time-invariant
environment. This challenge is exacerbated when essential system responses, such as primary noise
characteristics or primary path responses, remain partially unknown and necessitate the use of an
adaptive filter. A trade-off emerges between convergence rate and steady-state performance when
selecting a fixed tap length in adaptive filters. In time-varying environments, the optimal tap length
may even dynamically shift over time. Thus, prior attempts have been made to introduce variable
tap length algorithms to dynamically adapt tap length in real time. However, the performance of
variable tap length algorithms can be sensitive to the choice of additional parameters and noise
level. This paper exploits a model order weighting approach by combining the outputs of filters of
different tap lengths based on their predicted noise control performance. This proposed method
demands minimal additional prior information compared to the variable tap length methods. The
noise control performance, as demonstrated by specific examples of active noise control, is presented
and analyzed.
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1. INTRODUCTION

Active noise control (ANC) functions by processing signals acquired from reference sensors,
subsequently generating a control signal intended for secondary speakers to emit signals that act
as anti-sound waves, attempting to mitigate noise levels within targeted noise control zones. The
development of efficient digital signal processors and digital-to-analog/analog-to-digital chips
paved the way for implementing ANC techniques in a wide range of applications [1] such as
earphones [2–5], automobiles [6], HVAC systems [7–10], and ventilation windows [11, 12].

Conventional ANC systems typically rely on least mean square (LMS) methods with a fixed tap
length (or model order). Even in a simple time-invariant environment where the essential system
responses such as primary noise characteristics and primary path responses can be measured in
advance, trial and error is usually involved to select an appropriate tap length. This challenge
intensifies when primary noise characteristics and system responses are partially unknown or change
over time, requiring the use of adaptive filters. A trade-off emerges between convergence rate
and steady-state performance when using fixed tap lengths in adaptive filters. Although a long
tap-length ANC filter can achieve better steady-state performance, it limits the maximum step size
and convergence rate [13]. In time-varying environments, the mean-square error optimal tap length
may even dynamically shift over time.

To address the abovementioned tap length selection challenge, variable tap length algorithms were
developed to adaptively change tap length in real time [14–18]. For example, the Segmented Filter
method [14, 16] partitions a long filter into several segments and adjusts the number of segments
based on the output error levels; the gradient descent based method [15, 16] adapts the tap length
along the negative gradient direction of the squared estimation error; the fractional tap-length method
[16] allows pseudo fractional tap length to improve the robustness and computational complexity
compared with other methods [16, 19]. However, the performance of variable tap length algorithms
can be sensitive to the noise level [19, 20], step length, error width [21], input signal characteristics,
and filter dimension [22]. Thus, prior knowledge of the statistics of the filtering scenario is needed
to properly tune these methods [20]. Some variable step length methods may require additional
assumptions such as a two-sided exponential decay envelope in the control filter’s impulse response
[18].

In contrast to the variable tap length methods, this paper describes a model order weighting
approach that demands minimal additional prior information. This weighting strategy is based on
the universal linear prediction methods described in [23, 24] that are twice universal, with respect
to both the parameters and model orders. A universal approach concerning a set of candidate filters
implies that the performance of this method is at least comparable (has a vanishing asymptotic regret)
with respect to the best among those candidates. Usually, multiple candidate filters are implemented
simultaneously and the output of the universal method is a combination of all candidate filters.
Combining filters based on individual performance, known as a mixture of experts, has shown success
in various ANC applications: using a combination of different fractional tap-length methods [19], step
sizes [20, 25, 26], filter structures [27–31], cost functions [32], time and frequency domains FxLMS
[33], among others. Although the computational burden can be higher than that of a single controller,
this burden can be alleviated through multicore processors [34], digital twin architectures [35], as well
and order-recursive methods, such as lattice filters [23].

Section 2 begins with an analytical examination demonstrating that the convergence rate of a
long ANC filter is expected to be slower, thus laying the foundation for using different tap lengths.
Subsequently, this section describes the proposed universal ANC tap length weighting method with



a block diagram. In Section 3, the noise control performance is initially presented in a simple yet
illustrative case. This preliminary case aligns with the analytical analysis, indicating that a larger tap
length tends to result in a slower convergence rate. Furthermore, it showcases the effectiveness of the
proposed universal tap length ANC algorithm. To evaluate the proposed method in a more realistic
scenario, a simulated room response is generated. Results show that the proposed method achieves
the best noise control performance at all time ranges. One of the pivotal assumptions in the proposed
algorithm is the availability of an accurate secondary path estimation. Thus, an investigation of the
robustness of the proposed method in instances where the estimated secondary path deviates from the
true secondary path is also presented.

2. ALGORITHM

Figure 1(a) shows the block diagram of a conventional ANC system, in which x[n] denotes the
reference signal acquired by the reference microphone, H denotes the primary path from the reference
microphone to the error microphone, G and Ĝ denote the true and estimated secondary path from the
secondary (control) source to the error microphone, x̃[n] denotes the reference signal x[n] filtered
by the estimated secondary path Ĝ, d[n] is the noise signal at the error microphone location to be
canceled by the ANC system, and e[n] is the noise signal after using the ANC system. Additionally,
W is the control filter to be designed and the design objective is usually to minimize the power of e[n].
A common choice of W is filtered-x LMS algorithm (FxLMS) where W is a finite impulse response
(FIR) filter and an appropriate pre-determined tap length M is required. Let the filter coefficients
vector be w⃗[n] = [w0[n],w1[n], . . . ,wM−1[n]]T, the filter output is

y[n] = w⃗[n]T x⃗[n], (1)

where x⃗[n] = [x[n], x[n − 1], . . . , x[n − M + 1]]. The FxLMS adaption rule is [36]:

w⃗[n + 1] = w⃗[n] − αr⃗[n]e[n], (2)

where, r⃗[n] = [x̃[n], x̃[n − 1], . . . , x̃[n − M + 1]]T when Ĝ = G, and α > 0 is the step length.
Let Rrr = E

[
ˆ⃗r[n]⃗r[n]T

]
, where ˆ⃗r[n] is the estimate of r⃗[n] and ˆ⃗r[n] = r⃗[n] if Ĝ = G. To

ensure convergence of FxLMS algorithm, α should satisfy α < 2/λmax(Rrr) [36]. The convergence
rate is proportional to αλmin(Rrr) [37]. Thus, the convergence rate is linearly proportional to
λmin(Rrr)/λmax(Rrr). Using Cauchy’s interlacing theorem (also known as the separation theorem) [38],
we can show that a larger tap length M may result in a smaller convergence rate.

Lemma 2.1 (Cauchy’s interlacing theorem) Let B ∈ Cm×m be a M-by-M Hermitian matrix and be the
leading principal submatrix of Hermitian matrix A ∈ C(M+1)×(M+1). Then

λ1(A) ≤ λ1(B) ≤ λ2(A) ≤ λ2(B) ≤ · · · ≤ λM(A) ≤ λM(B) ≤ λM+1(A), (3)

where λi denotes the i-th eigenvalue of a matrix in ascending order.

Using Lemma 2.1, clearly

λmin(A)
λmax(A)

=
λ1(A)
λM+1(A)

≤
λ1(B)
λM(B)

=
λmin(B)
λmax(B)

. (4)



(a) (b)

Figure 1: Block Diagram of (a) conventional and (b) proposed algorithm in an ANC system. For
brevity, the FxLMS adaption part in (b) is omitted when plotting the block diagram.

An M-by-M Rrr is the leading principal submatrix of a (M + 1)-by-(M + 1) Rrr with one tap
longer.Thus, a smaller tap length may have a larger eigenvalue ratio λmin(Rrr)/λmax(Rrr) (i.e., faster
convergence rate). However, it may have worse steady-state performance due to insufficient length.

In contrast to the conventional single filter structure, Figure 1(b) shows the proposed universal
algorithm. K candidate filters W1, . . . , WK with tap lengths M1, . . . , MK respectively are used
simultaneously in the ANC system. For brevity, the FxLMS adaption block for each candidate filter
is omitted in the block diagram. Note that in real-time implementation, candidate filters cannot be
directly implemented simultaneously in the physical world which prevents the availability of the
ground truth of noise control performance of each candidate filter. To obtain the estimated noise
control performance using each candidate filter, an estimated secondary path Ĝ is required to obtain
the estimated noise signal of each candidate filter ê1[n], . . . , êK[n]. The outputs of each candidate
filter are weighted and summed to form the input for control speaker y[n]:

y[n] =
K∑

k=1

µk[n]yk[n], (5)

where yk[n] is the output of the k-th candidate control filter, µk is the mixture weights that are
computed based on the performance-weighted combination as in [23]:

µk[n] =
exp(− 1

2cℓn−1,k)∑K
j=1 exp(− 1

2cℓn−1, j)
, (6)

where c is a design parameter that controls how responsive the universal algorithm is to the
performance difference between different candidate filters; ℓn−1, j is the estimated cumulative noise



power from time index 0 to n − 1 when j-th candidate control filter is used. That is:

ℓn−1, j = γℓn−2, j + (1 − γ)ê j[n − 1]2 = (1 − γ)
n−1∑
i=0

γn−1−i ê j[i]2, (7)

where 0 < γ ≤ 1 is a forgetting factor so the cumulative noise power can track the time-varying
environment.

3. RESULTS

In this section, a simple but illustrative case is first presented to demonstrate the basic principle of the
proposed universal algorithm. Then the universal algorithm is applied to a more realistic simulated
room response case considering both perfect and imperfect secondary path estimation. For all cases,
design parameter c = 0.01 in Eq. (6) and forgetting factor γ = 0.99 in Eq. (7) are used. The step length
for each fixed tap length filter is tuned to 1/3 of the convergence bound. 100 Monte Carlo simulations
were implemented and the mean power is shown for all the noise control performance figures.

3.1. Simple Response Case

Figure 2: Noise power when using fixed tap lengths and the universal method in the simple response
case. 100 Monte Carlo simulations were implemented and the mean power is shown.

Suppose the impulse response of the primary path is H(z) = 1 and the secondary path is G(z) =
1 + 0.5z−10 in this simple response case. Then, the ideal optimal control filter W∗(z) should be

W∗(z) = −
H(z)
G(z)

= −
1

1 + 0.5z−10 = −1 + 0.5z−10 − 0.25z−20 + 0.125z−30 − . . . (8)

For perfect cancelation, an infinitely large tap length M should be used. Let’s consider two different
tap lengths: M1 = 5 and M2 = 15. Clearly, when tap length M1 = 5 is used, only the first term −1 is
included. And tap length M2 = 15 can include the first and second terms (−1 + 0.5z−10) which will
achieve better steady-state performance.

To consider the convergence rate, suppose the input reference signal x[n] is an i.i.d. standard
Gaussian noise. When x[n] is filtered by the secondary path G(z) = 1 + 0.5z−10 to get x̃[n],



E [x̃[n]x̃[n − m]] is only non-zero when m = 0,±10. Thus, when M1 = 5 is used, Rrr is an identity
matrix and λmin(Rrr)/λmax(Rrr) = 1. When M1 = 15 is used, λmin(Rrr)/λmax(Rrr) ≈ 0.43 < 1, which
should have a slower convergence rate. This also confirms the analysis in Section 2 that a larger tap
length has a negative impact on the eigenvalue ratio.

Figure 3: The mixture weights of two candidate tap lengths in the simple response case.

One hundred Monte Carlo simulations were implemented and the mean power is shown in Figure 2.
Compared with the tap length M2 = 15 filter, the tap length M1 = 5 filter has a faster convergence
rate at the early stage but worse steady-state performance, which aligns the analysis above. The
universal algorithm can achieve both a faster convergence rate at the early stage and better steady-
state performance. This shows the advantages of using the proposed universal algorithm. The mixture
weights µk[n] shown in Figure 3 demonstrate that at the early stage tap length M1 = 5 has a higher
weight and at the later stage tap length M2 = 15 has a higher weight. The transition starts around 0.05
s which aligns with the results shown in Figure 2.

3.2. Simulated Room Response Case

Figure 4: The dimension of the simulated room and the locations of the placed primary source,
secondary (control) source, reference microphone, and error microphone. (unit: meter)

The simple response case in the previous subsection is illustrative but too simplified. To investigate
the universal algorithm in a more realistic case, a room response is simulated using Pyroomacoustics



package [39]. The room setup is shown in Figure 4. The plasterboard ceiling is on battens with a large
air space above. The floor is fully covered with cotton carpet. One wall (south) is fully covered by
tight velvet curtains and the other three walls are fully covered with Rockwool with a thickness of 50
mm and density of 40 kg/m3. The maximum order of image sources is 10. The impulse responses of
the transfer paths from noise source to reference microphone, from noise source to error microphone,
and from secondary source to error microphone are shown in Figure 5. The reverberation time (60
dB) RT60 of this room is around 1 second.

(a) (b) (c)

Figure 5: The impulse responses of transfer path (a) from noise source to reference microphone, (b)
from noise source to error microphone, and (c) from secondary source to error microphone.

The noise control performance at the early stage (before 50 s) and the full range (0 - 300 s) are
shown in Figure 6 (a) and (b) respectively. The trade-off between convergence rate and steady-state
performance for three different fixed tap lengths (200, 400, and 800) can be clearly seen in both
figures. The universal algorithm can closely track the best noise control performance among these
three fixed tap length filters. The mixture weights are shown in Figure 7.

3.3. Noisy Secondary Path Estimation Case
One strong assumption in the proposed universal algorithm for ANC is that the estimated secondary

path Ĝ is a perfect model of the true secondary path G, i.e., Ĝ = G. This estimated secondary path
is important as it is required in both the FxLMS algorithms and also in universal algorithms to get
the estimated cumulative noise power. In realistic applications, perfect secondary path estimation is
unlikely. This subsection investigates the robustness of the proposed universal algorithm when the
estimated secondary path is not the same as the true secondary path.

The room responses in the previous subsection are again used as the true responses. Similarly, 100
Monte Carlo simulations are implemented. In each Monte Carlo simulation, the estimated secondary
path is randomly perturbed, i.e., Ĝ = G + v, where v is an i.i.d. zero-mean Gaussian random process
and the power of v equals 30% of the power of G. So the estimated secondary path can be considered
as a noisy version of the true secondary path with a signal-to-noise ratio of around 5 dB. The noise
control performance under this secondary path perturbation is shown in Figure 8. Compared with
Figure 6, Figure 8 shows that the noise control performance will be negatively affected for the fixed
tap length case (especially for tap length of 800) because of the mismatch between estimated and true
secondary paths. Nevertheless, the universal algorithm can still closely track the best performance
among these three candidate filters at all times. This demonstrates the robustness of the proposed
universal algorithm. The mixture weights are shown in Figure 9 which also align with the results in
Figure 8.



(a)

(b)

Figure 6: Noise power when using fixed tap lengths and the universal method in the simulated room
response case (a) before 50 s and (b) from 0 to 300 s. 100 Monte Carlo simulations were implemented
and the mean power is shown.

Figure 7: The mixture weights of three candidate tap lengths in the simulated room response case.

4. CONCLUSIONS

The trade-off between the convergence rate and steady-state performance is inevitable when using
fixed tap length ANC filters. The analysis shows that a smaller tap length tends to have a faster



(a)

(b)

Figure 8: Noise power when using fixed tap lengths and the universal method in the 30% randomly
perturbed simulated room response case (a) before 50 s and (b) from 0 to 300 s. 100 Monte Carlo
simulations were implemented and the mean power is shown.

Figure 9: The mixture weights of three candidate tap lengths in the 30% randomly perturbed simulated
room response case.



convergence rate, motivating the use of a smaller tap length in the early transient period and a
larger tap length when approaching the steady state period. The proposed universal ANC method
implements multiple candidate filters with different tap lengths simultaneously and weights their
outputs for the control speaker (i.e., the mixture of experts). Results show the proposed method
can effectively achieve the best noise control performance among all the candidate filters at all time
ranges, even when there is a mismatch between the estimated and true secondary paths.

It is important to note that the proposed universal algorithm can be naturally extended beyond the
use of different tap length candidate filters. For example, universal over different step sizes or step
size scheduling, filter types, adaptive and non-adaptive filters, different subspace dimensions in the
improved Wiener Filter solution [40], among other variations.
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