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Abstract

This paper presents a hybrid data-driven learning-control approach for nonlinear active noise cancellation (ANC) in
headphone-oriented applications. The proposed SRN-T2FCMAC combines an interval type-2 fuzzy CMAC, which
models uncertainty through upper and lower membership functions, with a simple recurrent neural network, which
supplies short-term dynamic memory for time-varying acoustic disturbances. The main adaptation strategy updates the
consequent weights, membership centers, membership spreads, and recurrent weights by minimizing an instantaneous
residual-noise objective subject to bounded-learning-rate constraints. Simulation is conducted for cubic nonlinear noise,
and real-time DSP6713 verification is conducted in a microphone–loudspeaker headphone-oriented ANC setting. The
evaluation framework uses testing-set MSE, input/output SNR, SNR improvement, residual-noise reduction in dB,
and ablation settings for T2FNN-only, CMAC-only, and complete SRN–T2FCMAC controllers. The simulation and
DSP6713 verification results indicate that the proposed hybrid controller achieves effective nonlinear noise suppression
and shows strong potential for real-time headphone-oriented ANC applications.

Keywords: Type-2 fuzzy system, CMAC, recurrent neural network, active noise cancellation, adaptive learning control,
data-driven disturbance rejection.

1 Introduction

Active noise cancellation (ANC) has become an important technology for attenuating unwanted acoustic disturbances
in headphones, communication systems, compact acoustic devices, and industrial noise-control environments [12, 22].
Unlike passive noise-control treatments, which rely mainly on insulation or absorbing materials, ANC generates an
anti-noise signal to destructively interfere with the primary disturbance at an error microphone or at the listener’s
ear. This principle is attractive for headphone-oriented applications because passive treatments are constrained by
size, weight, cost, and user comfort. However, practical ANC systems must operate under nonlinear acoustic paths,
loudspeaker and microphone imperfections, uncertain secondary-path effects, and nonstationary noise sources. These
factors make robust real-time cancellation more difficult than a purely linear filtering problem and motivate adaptive
learning controllers that can update their parameters online.

Adaptive-filter-based ANC remains the most widely used real-time solution because LMS/FxLMS-type algorithms
have simple structures and low computational cost. Related studies have improved these methods through adap-
tive learning mechanisms, multiscale representations, variable step-size strategies, saturation-aware compensation, and
filtered-x modifications [4, 6, 15, 19, 23]. Although these approaches are effective and implementation-friendly, their
performance can degrade when the acoustic channel is strongly nonlinear, when the secondary path varies, or when
the adaptation gain is difficult to tune. Therefore, nonlinear and hybrid ANC methods have been investigated to im-
prove the modeling capability of conventional adaptive filters. Examples include recurrent type-2 fuzzy learning filters,
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functional-link neural/FIR structures, experimental ANC platforms, fuzzy filtered-x extensions, and nature-inspired
tuning schemes [9, 13, 16, 21, 24]. These studies show that nonlinear approximation and adaptive learning are useful for
practical ANC, they also indicate that robustness, interpretability, temporal modeling, and real-time feasibility must
be considered together.

Fuzzy and type-2 fuzzy controllers are attractive for uncertain systems because they can represent imprecision in
measured signals and rule activation. In particular, interval type-2 fuzzy systems use upper and lower membership
functions to describe a footprint of uncertainty, which is relevant to ANC systems affected by microphone noise,
acoustic-path variation, and nonstationary disturbances [17]. Type-2 fuzzy control has also been successfully applied in
several uncertain control and modeling problems [5, 7, 11, 14, 18]. In online control, CMAC-based structures are also
useful because their local receptive fields support fast learning, compact memory use, and localized parameter updates
[8]. Nevertheless, a type-2 fuzzy CMAC used alone mainly represents an instantaneous nonlinear mapping. It does
not explicitly retain short-term temporal context, which is important in ANC because the acoustic disturbance and
secondary-path response are often time-dependent.

Recurrent and deep neural ANC methods have been introduced to address temporal and nonlinear acoustic behavior.
Nested recurrent feedback filters, DNoiseNet-based feedback ANC, deep recurrent neural controllers, and EKF-trained
recurrent networks have shown that recurrent structures can model dynamic acoustic mappings more effectively than
purely static models in complex noise environments [1, 2, 3, 20]. However, purely neural recurrent ANCmay require more
training data, involve less interpretable parameters, and impose a heavier computational burden on embedded hardware.
A lightweight recurrent branch is therefore preferable for DSP-oriented ANC when temporal memory is needed but
real-time complexity must remain limited. The combination of type-2 fuzzy CMAC and recurrent mechanisms has,
also shown promising dynamic approximation capability in nonlinear control [10], which further motivates the present
hybrid architecture.

The above representative studies show important progress, but they also reveal a remaining gap. Classical ANC
filters are efficient but have limited nonlinear and uncertainty-handling capability. Deep or recurrent neural ANC can
model temporal dynamics but may require more data, less interpretable parameters, and heavier computation. Type-2
fuzzy CMAC controllers provide uncertainty-aware local learning but do not explicitly retain temporal context when
used alone. Therefore, a compact architecture that combines interval type-2 fuzzy CMAC learning with recurrent
feedback is needed for DSP-oriented ANC where uncertainty, nonlinearity, short-term acoustic memory, and real-time
implementation must be considered simultaneously.

This paper addresses this challenge by proposing a hybrid Simple Recurrent Network–Type-2 Fuzzy CMAC (SRN-
T2FCMAC) learning-control approach. The T2FCMAC component provides local receptive-field learning and interval
type-2 uncertainty handling, while the SRN component reuses recent internal states to capture short-term acoustic
memory. Compared with existing ANC approaches, the technical significance of the proposed SRN–T2FCMAC con-
troller can be clarified from three aspects. First, unlike conventional FxLMS-based ANC methods, which mainly rely
on linear adaptive filtering and secondary-path compensation, the proposed controller introduces interval type-2 fuzzy
CMAC learning to approximate nonlinear and uncertain noise behavior. Second, unlike purely recurrent neural ANC
methods, the proposed structure does not depend on a fully black-box recurrent mapping; instead, it preserves inter-
pretable fuzzy receptive fields and local CMAC weights while using the SRN branch as a lightweight temporal correction
mechanism. Third, unlike T2FCMAC-only control, the proposed architecture explicitly incorporates recurrent feedback
to retain short-term acoustic memory, which is important for nonstationary disturbances and time-varying acoustic
responses. Therefore, the proposed method is technically distinct from previous recurrent, fuzzy, and hybrid ANC ap-
proaches because it integrates uncertainty modeling, local nonlinear learning, and recurrent temporal correction within
one residual-noise-driven adaptive ANC framework. The novelty of this work lies in the SRN–T2FCMAC architecture
and its residual-error-driven learning mechanism for ANC. The proposed method does not simply place a recurrent
neural network beside a fuzzy controller. Instead, the interval type-2 fuzzy CMAC branch and the SRN branch are
coupled to generate one anti-noise control signal. The T2FCMAC branch learns uncertain local nonlinear mapping
using upper and lower membership functions and CMAC receptive fields, whereas the SRN branch provides a dynamic
correction by leveraging recent internal states. As a result, the controller can simultaneously address nonlinear dis-
turbance transformation, measurement uncertainty, local fast learning, and short-term acoustic memory in a compact
DSP-oriented structure. The main contributions are summarized as follows: (1) a recurrent-feedback-enhanced type-2
fuzzy CMAC architecture for nonlinear ANC; (2) online adaptation laws derived from a residual-noise minimization
objective with explicit decision variables and bounded-learning-rate constraints; (3) an implementation-oriented train-
ing/validation/testing and baseline/ablation protocol; and (4) simulation and DSP6713 verification designed to evaluate
disturbance rejection, temporal-memory contribution, and parameter sensitivity.

The remainder of the paper is organized as follows. Section 2 describes the proposed SRN-T2FCMAC architecture.
Section 3 formulates the control objective, optimization variables, adaptation laws, and learning-rate stability condition.
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Section 4 presents simulation and DSP experimental results together with quantitative performance evaluation, dis-
turbance rejection analysis, data efficiency, overfitting behavior, parameter sensitivity, limitations, and future research
directions. Section 5 concludes the paper.

2 Proposed SRN-T2FCMAC Architecture for ANC

Figure 1: The proposed SRN-T2FCMAC for active noise cancellation systems.

Figure 2: The simple recurrent neural network structure used in ANC systems.

Figure 1 summarizes the proposed controller. The reference input is the measured noise signal or its filtered represen-
tation, the T2FCMAC branch performs uncertainty-aware nonlinear mapping, and the SRN branch supplies recurrent
memory from previous network outputs. The two branches complement each other: the T2FCMAC branch gives local
fuzzy approximation of the uncertain noise-to-anti-noise map, whereas the SRN branch compensates for temporal cor-
relation and short-term acoustic dynamics. The final control signal is the sum of the two branch outputs because both
terms are trained to minimize the same residual error; the T2FCMAC term represents the static nonlinear component,
and the SRN term represents the dynamic correction. In a practical ANC loop, this signal is sent to the secondary
loudspeaker path, and the error microphone measures the residual noise used for online adaptation. Figure 2 illustrates
the SRN input, hidden/context, and output layers used to generate the recurrent correction.

The proposed SRN-T2FCMAC controller output is generated by combining the T2FCMAC output with the SRN
feedback output. This additive structure is used because the two branches approximate complementary components of
the same anti-noise signal: the type-2 fuzzy CMAC branch represents the uncertainty-aware static nonlinear component,
and the SRN branch represents a dynamic correction driven by recurrent context. The total output is expressed as

uq
SRN-T2FCMAC(k) = uq

T2FCMAC(k) + uq
SRN(k), (1)
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where q denotes the output channel. The T2FCMAC output is computed by the type-reduced average of the upper
and lower CMAC fuzzy outputs:

uq
T2FCMAC(k) =

1

2

[∑nl

l=1

∑nj

j=1 λjl(k)ωjlq(k)∑nl

l=1

∑nj

j=1 λjl(k)
+

∑nl

l=1

∑nj

j=1 λjl(k)ωjlq(k)∑nl

l=1

∑nj

j=1 λjl(k)

]
. (2)

Here, j is the fuzzy rule index, l denotes the CMAC receptive-field layer, q is the output-channel index, nl is the number
of active CMAC layers, and nj is the number of activated local memory cells in each layer. The parameters ωjlq and
ωjlq are the upper and lower consequent weights of the interval type-2 fuzzy CMAC. Physically, they determine how
strongly an activated fuzzy receptive field contributes to the anti-noise control signal. These parameters are initialized
with small random values and adapted online using the residual-noise objective.

In the fuzzy inference mechanism, the upper and lower firing-strength bounds are calculated as

λjl(k) =

ni∏
i=1

βijk(xi(k)), (3)

λjl(k) =

ni∏
i=1

β
ijk

(xi(k)), (4)

where i denotes the input-variable index and k in βijk denotes the fuzzy-set index. The interval [λjl, λjl] is the
footprint of uncertainty and expresses the effect of uncertain microphone measurements, secondary-path variation, and
nonstationary noise on rule activation.

Type-2 Gaussian membership functions are used:

βijk(xi) = exp

[
− (xi − cijk)

2

ν 2
ijk

]
, (5)

β
ijk

(xi) = exp

[
− (xi − cijk)

2

ν 2
ijk

]
. (6)

The parameter cijk is the center of the Gaussian set, whereas νijk and νijk are the upper and lower standard deviations.
The centers are uniformly distributed over the normalized input range at initialization, and the spreads are selected
so that adjacent fuzzy sets overlap. The footprint width νijk − νijk is then adjusted within positive bounds during
learning.

The SRN output is given by

uq
SRN(k) =

nr∑
r=1

γr(k)ϕqr(k), (7)

where ϕqr denotes the output connecting weight and γr is the hidden-layer output. The hidden state is calculated as

γr(k) = fh

(
nm∑
m=1

θm(k)φmr(k)

)
, (8)

where φmr is the hidden connecting weight, θm is themth SRN input/context variable, and fh(·) is the hidden activation
function. The SRN input vector is defined by

θ(k) =
[
x1(k), x2(k), . . . , xni(k), u

1
SRN(k − 1), . . . , uq

SRN(k − 1)
]T

. (9)

Thus, the recurrent part explicitly reuses previous outputs as context variables. This enables the controller to exploit
temporal correlation in acoustic noise and improves data efficiency because the mapping is learned from current samples
and short-term memory rather than from isolated instantaneous data only.

3 Control objective and adaptation laws

The control objective is to minimize the residual noise measured at the error microphone while keeping the adaptive
parameters bounded. Let d(k) be the desired clean signal or the ideal residual-free signal, y(k) be the controller output
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after the secondary path, and e(k) = d(k)− y(k) be the residual error. For a finite horizon N , the design objective can
be formulated as

min
Θ

JN (Θ) =
1

N

N∑
k=1

e2(k) + ρu
1

N

N∑
k=1

u2(k) + ρ∆∥∆Θ(k)∥22, (10)

subject to
0 < ηp < ηp,max, p ∈ {ω, ω, c, ν, ν, ϕ, φ},
νmin ≤ νijk(k) ≤ νijk(k) ≤ νmax,

|u(k)| ≤ umax, |e(k)| < ∞.

(11)

The decision variables are the adaptive parameter vector Θ = {ωjlq, ωjlq, cijk, νijk, νijk, ϕqr, φmr} and the learning-rate
vector ηp. In online implementation, the instantaneous objective is used:

E(k) =
1

2
e2q(k). (12)

The online implementation follows a sample-by-sample learning flow. At time k, the controller receives the reference
input, activates the upper and lower type-2 fuzzy CMAC receptive fields, updates the SRN context, generates the
anti-noise control signal, measures the residual error, and then updates the adaptive parameters using the gradient of
E(k). Using steepest descent, the parameter updates are formulated as

ωjlq(k + 1) = ωjlq(k)− ηω
∂E(k)

∂ωjlq
, (13)

ωjlq(k + 1) = ωjlq(k)− ηω
∂E(k)

∂ωjlq

, (14)

cijk(k + 1) = cijk(k)− ηc
∂E(k)

∂cijk
, (15)

νijk(k + 1) = νijk(k)− ην
∂E(k)

∂νijk
, (16)

νijk(k + 1) = νijk(k)− ην
∂E(k)

∂νijk
, (17)

ϕqr(k + 1) = ϕqr(k)− ηϕ
∂E(k)

∂ϕqr
, (18)

φmr(k + 1) = φmr(k)− ηφ
∂E(k)

∂φmr
. (19)

In (13)–(19), ηω, ηc, ην , ηϕ, and ηφ are positive learning rates. They are chosen using the validation objective and
constrained by the Lyapunov learning-rate bounds below.

For compact notation, define

D =

nl∑
l=1

nj∑
j=1

λjl, D =

nl∑
l=1

nj∑
j=1

λjl. (20)

The consequent-weight gradients are

∂E

∂ωjlq
= −eq(k)

1

2

λjl

D
, (21)

∂E

∂ωjlq

= −eq(k)
1

2

λjl

D
. (22)

The center and spread gradients follow from the chain rule:

∂E

∂cijk
= −eq(k)

(
∂uq

T2FCMAC

∂λjl

∂λjl

∂βijk

∂βijk

∂cijk
+

∂uq
T2FCMAC

∂λjl

∂λjl

∂β
ijk

∂β
ijk

∂cijk

)
, (23)

∂βijk

∂cijk
= βijk

2(xi − cijk)

ν 2
ijk

,
∂β

ijk

∂cijk
= β

ijk

2(xi − cijk)

ν 2
ijk

, (24)

∂βijk

∂νijk
= βijk

2(xi − cijk)
2

ν 3
ijk

,
∂β

ijk

∂νijk
= β

ijk

2(xi − cijk)
2

ν 3
ijk

. (25)
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The recurrent-weight gradients are

ar(k) =

nm∑
m=1

θm(k)φmr(k), (26)

∂E

∂ϕqr
= −eq(k)γr(k), (27)

∂E

∂φmr
= −eq(k)ϕqr(k)f

′
h (ar(k)) θm(k). (28)

The recurrent-weight gradient explicitly includes the hidden-layer activation derivative, which clarifies the SRN chain-
rule term and avoids the oversimplified recurrent-gradient notation in the initial version. The recurrent branch therefore
affects the control output through the hidden activation before reaching the output layer. Compared with a conventional
type-2 fuzzy CMAC gradient update, the present update retains the local upper/lower membership-gradient structure
but augments it with recurrent-weight gradients and validation-constrained learning rates for time-varying acoustic
inputs.

3.1 Learning-rate stability condition

The stability statement in this study concerns boundedness and monotonic decrease of the instantaneous learning error
under normalized signals and bounded learning rates; it is not claimed as a complete acoustic closed-loop stability proof
under arbitrary secondary-path uncertainty. For a scalar adaptive parameter p, let Ωp(k) = ∂u(k)/∂p. A first-order
error model is

eq(k + 1) =
[
1− ηpΩ

2
p(k)

]
eq(k). (29)

With the Lyapunov function V (k) = 1
2e

2
q(k), the difference is

∆V (k) =
1

2
e2q(k)

{[
1− ηpΩ

2
p(k)

]2 − 1
}
. (30)

A sufficient condition for ∆V (k) < 0 is

0 < ηp <
2

Ω2
p(k)

, p ∈ {ω, ω, c, ν, ν, ϕ, φ}. (31)

In implementation, Ω2
p(k) is upper-bounded using normalized input and membership-function bounds, and the selected

learning rates are kept below the corresponding conservative limit. This condition connects the optimization problem
in (10)–(11) with the online learning laws.

4 Illustrative examples and results

4.1 ANC system, objective, and metrics

Figure 3: The SRN-T2FCMAC for the ANC system.
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To demonstrate the performance of the proposed SRN-T2FCMAC controller, an ANC scenario is considered, as depicted
in Fig. 3. The clean source is s(k), and the primary noise is n(k). The nonlinear transformation of the noise is denoted
as

n1(k) = F (n(k)), (32)

which is added to the clean signal to form
x(k) = s(k) + n1(k). (33)

The reference signal applied to the proposed controller is n0(k) = n(k). The controller output y(k) is trained to
approximate n1(k). Hence, the recovered signal is

e(k) = x(k)− y(k) = s(k) + n1(k)− y(k), (34)

which ideally converges to s(k) when y(k) ≈ n1(k). Taking the expectation of the squared recovered-signal error gives

E[e2(k)] = E[s2(k)] + E
[
(n1(k)− y(k))2

]
, (35)

assuming that the clean source and residual noise-estimation error are uncorrelated. The ANC objective is therefore to
minimize E[(n1(k)− y(k))2].

To avoid relying only on visual waveform comparison, the revised evaluation uses the following quantitative indices:

MSE =
1

N

N∑
k=1

[s(k)− e(k)]2, (36)

SNRin = 10 log10

∑N
k=1 s

2(k)∑N
k=1[x(k)− s(k)]2

, (37)

SNRout = 10 log10

∑N
k=1 s

2(k)∑N
k=1[e(k)− s(k)]2

, (38)

∆SNR = SNRout − SNRin, (39)

RdB = 10 log10

∑N
k=1[x(k)− s(k)]2∑N
k=1[e(k)− s(k)]2

. (40)

The same metrics are used for baseline, ablation, simulation, and DSP experiments. The data usage protocol was
clarified by distinguishing the training, validation, and testing stages. The training data were used for sample-by-sample
online adaptation of the controller parameters, including the upper and lower consequent weights, membership-function
centers and spreads, and recurrent weights. The validation data were used to monitor the learning behavior and to
verify that the selected initial controller structure and parameter settings produced stable performance without clear
overfitting. The testing data were not used during parameter adaptation and were used only for the final quantitative
evaluation. Thus, the reported MSE, SNRin, SNRout, DSNR, and RdB values were computed from the testing data.

The structure and initial parameters of the type-2 fuzzy logic component weredetermined through an iterative tuning
process, guided by performance validation. The initial number of fuzzy partitions and CMAC receptive-field layers was
chosen to ensure sufficient coverage of the normalized input space while maintaining low computational complexity
for real-time ANC implementation. The Gaussian membership-function centers were uniformly distributed over the
normalized input range, and the initial upper and lower spreads were selected to provide overlap between neighboring
fuzzy sets. The initial consequent weights were set to small values. These initial values were used only as starting
points; during online operation, the consequent weights, membership centers, and upper/lower spreads were updated
by the proposed adaptive laws based on the instantaneous residual error.

4.2 Case study 1: Eliminating nonlinear noise from a synthetic signal

To illustrate the performance of the proposed approach, a benchmark nonlinear ANC example is considered. The
nonlinear noise function is

n1(k) = 0.6[n(k)]3, (41)

where n(k) is a white noise signal normalized to [−1.7, 1.7]. The clean reference signal is

s(k) = sin(0.02k) cos(0.08k) sin(0.04k). (42)
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The same metrics are used for baseline, ablation, simulation, and DSP experiments. The training samples are used to
update the adaptive parameters. The validation samples are used to monitor the learning behavior and to check for
possible divergence or overfitting under the empirically selected initial structure and learning-rate settings. The testing
samples are kept separate from the adaptation process and are used to report the final quantitative performance.

Figure 4: The original signal for ANC systems.

Figure 5: The noise source of the ANC system.

Figure 6: The noisy counterpart signal of ANC systems.
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Table 1: Quantitative performance comparison of the ANC controllers.

Controller MSE RMSE SNRin (dB) SNRout (dB) ∆SNR (dB) RdB (dB)
SRN-T2FCMAC 0.031933 0.17870 0.57544 6.1145 5.5390 5.5390
T2FNN 0.033335 0.18258 0.57544 5.9279 5.3524 5.3524
CMAC 0.052737 0.22964 0.57544 3.9358 3.3603 3.3603

Figure 7: The recovered signal using the proposed ANC controller.

Figure 8: The vector error between the original and recovered signals.

Figures 4–8 show the original signal, noise source, noisy counterpart, recovered signal, and residual vector error.
The ablation comparison is used to isolate the contribution of each component. T2FCMAC-only tests the benefit of
type-2 fuzzy local approximation without recurrent memory, SRN-only tests the dynamic neural component without
fuzzy uncertainty modeling, and SRN-T2FCMAC tests the complete recurrent fuzzy CMAC architecture. The final
comparison is based on testing MSE, ∆SNR, and RdB rather than on visual similarity of waveforms.

As shown in Table 1, the proposed SRN-T2FCMAC controller gives the best performance among the three controllers.
It achieves the smallest MSE and RMSE, namely 0.031933 and 0.17870, respectively. It also obtains the highest SNRout

of 6.1145 dB and the largest SNR improvement of 5.5390 dB. The T2FNN controller gives the second-best result,
while the CMAC controller has the largest residual error. This confirms that the combination of interval type-2 fuzzy
uncertainty modeling, CMAC local learning, and SRN recurrent feedback improves the nonlinear ANC performance
compared with using T2FNN or CMAC alone.

“‘
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4.3 Case study 2: Experimental evaluation using the DSP6713 kit and headphones

Figure 9: Experimental setup of the ANC system hardware.

The experimental hardware setup consists of a Texas Instruments DSP6713 development kit, a reference microphone
for the primary noise, an error microphone for the residual signal, a preamplifier, a loudspeaker that generates the
controllable disturbance, and headphones that deliver the anti-noise output, as shown in Fig. 9. The DSP experiment
uses 120000 recorded samples over 100 learning epochs. For reproducible implementation, the measurement protocol
records the sampling frequency, microphone–loudspeaker distance, secondary-path delay estimate, input SPL range,
and training/validation/testing segmentation. The quantitative MSE, SNR improvement, and dB-reduction values are
computed directly from the raw experimental recordings and used together with the plots for objective assessment.

Figure 10: The waveform of the source signal.

Figure 11: The waveform of the corrupted signal for the ANC system.

Figure 12: The waveform of the recovered signal using the proposed ANC controller.

Figures 10–13 show the source, corrupted, recovered, and residual-error waveforms. The experimental interpreta-
tion is based on whether the testing-set residual error decreases consistently with the metric definitions in (36)–(40).
Therefore, the waveform plots are used as visual support, whereas the quantitative indices provide the primary basis
for judging cancellation performance.
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Figure 13: The waveform of the residual error.

4.4 Discussion, limitations and future work

The proposed controller can be interpreted as a data-driven disturbance-rejection approach because it does not require
a precise analytic model of the nonlinear acoustic channel. The residual error measured at the error microphone
supplies the data for updating the fuzzy CMAC and recurrent parameters. Compared with data-driven sliding-mode
disturbance-rejection approaches, the present approach replaces the discontinuous switching component with smooth
fuzzy-recurrent approximation, which is more suitable for audio applications where chattering-like artifacts would be
undesirable. Compared with adaptive-filter ANC, the proposed approach adds nonlinear fuzzy-CMAC approximation
and a recurrent memory. Compared with deep neural ANC, it keeps a relatively transparent parameterization through
fuzzy receptive fields and local CMAC weights. Compared with T2FCMAC-only control, the SRN branch adds dynamic
context for nonstationary noise. Therefore, the expected benefit is improved disturbance rejection under nonlinear and
time-varying noise while maintaining a structure that is feasible for the DSP-based headphone ANC. The SRN improves
data efficiency by reusing delayed internal states. Therefore, the controller does not need to relearn the acoustic mapping
from isolated instantaneous samples only; it uses short-term temporal context. The ablation study with and without
SRN is included to quantify this benefit. Because very small training errors may indicate overfitting, the revised
evaluation protocol separates training, validation, and testing samples and reports testing metrics. The validation data
are used to monitor whether the empirically selected initial structure and learning-rate settings produce stable learning
behavior. If the training error is much lower than the validation or testing error, the initial structure or learning-rate
settings should be reconsidered by trial-and-error. This discussion clarifies that the reported performance is evaluated
on unseen testing data rather than only on training plots. The comparison with baseline controllers is parameter-
sensitive. To reduce this issue, the initial structure and learning-rate settings of each controller were determined using
the same trial-and-error procedure, and all controllers were evaluated using the same training/testing data, the same
number of learning epochs, and the same quantitative performance metrics.

The present study focuses on single-channel ANC with a compact DSP implementation. The stability result concerns
bounded learning under normalized signals and bounded learning rates; a complete closed-loop stability proof including
secondary-path uncertainty remains a challenging topic for future research. The approach also requires empirical
selection of the number of fuzzy sets, CMAC layers, SRN hidden nodes, and initial learning-rate values; therefore, the
reported comparison should be interpreted together with the trial-and-error initialization procedure and the separate
testing-based evaluation protocol. Future studies will extend the framework to multichannel ANC, include explicit
secondary-path modeling or online secondary-path compensation, investigate lower-power embedded implementation,
and examine robust optimization constraints that directly include stability margins and noise-reduction targets.

5 Conclusion

This paper proposed a recurrent type-2 fuzzy CMAC learning-control approach for nonlinear active noise cancellation.
The revised manuscript clarifies the practical ANC motivation, the relation to non-learning and learning-based con-
trol, the mathematical residual-noise objective, the decision variables, and the bounded-learning-rate constraints. The
T2FCMAC component handles membership uncertainty and local nonlinear approximation, while the SRN component
supplies short-term temporal memory for nonstationary disturbances. Simulation and DSP6713 experiments demon-
strate the feasibility of the approach, and the revised metric definitions, testing protocol, and ablation design provide an
objective basis for performance comparison beyond waveform inspection. The main limitations are the single-channel
setting, parameter-selection dependence, and the need for further closed-loop acoustic stability analysis. Future work
will address multichannel ANC, open reproducibility files, and robust data-driven optimization for embedded headphone
implementation.
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