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Abstract— In this study, active noise control (ANC) and crosstalk 

cancellation (XTC) are formulated in a generalized model-

matching framework. A unified system that jointly cancels 

undesired noise and synthesizes a binaural audio effect using a 

loudspeaker array is proposed. To design the ANC controller, we 

explore two approaches: a model-based approach based on the 

underdetermined multichannel inverse filtering and a learning-

based approach utilizing the fully-convolutional time-domain 

audio separation network (Conv-TasNet). For the XTC, the 

frequency-domain underdetermined multichannel inverse 

filtering (FUMIF) approach is employed for the design of the 

inverse filters. The outputs from both subsystems are then merged 

to cancel the primary noise while preserving a binaural effect for 

the listener. The results of the study confirm the efficacy of the 

proposed system, demonstrating satisfactory noise reduction and 

binaural audio effects in several objective metrics. 

 

I. INTRODUCTION 

Active noise control (ANC) generates anti-noise signals 

through secondary loudspeakers to cancel undesired noise [1–

4]. Adaptive filtering techniques, such as the filtered-x least 

mean squares (FxLMS) algorithm [5–7], effectively address the 

time-varying noise issues. However, these methods are usually 

constrained by the overdetermined inverse filtering problem, 

limiting the achievable noise reduction performance. Although 

time-domain underdetermined multichannel inverse filtering 

(TUMIF) [8] mitigates this limitation, it relies on the 

assumption that the noise input signal is accessible. This is an 

impractical condition in real-world scenarios where the noise 

input is typically inaccessible. Inspired by the global audio 

telepresence (GOAT) system [9], we reformulate ANC as a 

generalized model matching (GMM) problem, enabling the 

noise source to be picked up by microphone array and the anti-

noise to be generated by loudspeaker array. Additionally, the 

learning-based approach, employing the fully-convolutional 

time-domain audio separation network (Conv-TasNet) [10] is 

explored. This method replaces traditional DSP-based filters 

with a trainable neural network, enabling direct prediction of 

the anti-noise signal from reference microphone inputs. 

The rendering of binaural audio was designed primarily for 

headphone playback. When loudspeakers are used instead, 

crosstalk cancellation (XTC) becomes essential to mitigate the 

undesired crosstalk that occurs along the contralateral paths 

between the loudspeakers and the listener’s ears. Previous 

studies have explored various XTC approaches [11–16], 

including the use of TUMIF [17] which effectively broadens 

the sweet spot. In this paper, we employ frequency-domain 

underdetermined multichannel inverse filtering (FUMIF) 

method inspired by [18] to design the XTC controllers. 

Both ANC and XTC can be viewed as a model matching 

problem for loudspeaker array. With ANC reformulated as 

GMM problem, the combined system can now be viewed 

entirely within a GMM framework for an integrated 

microphone-loudspeaker array system, cancelling undesired 

primary noise while synthesizing a binaural audio effect. 

 

II. GENERALIZED MODEL MATCHING FRAMEWORK 

As shown in Fig. 1, the generalized model matching 

framework is divided into two sections: ANC in the upper half 

and XTC in the lower half. Let 𝐌𝑥𝑡𝑐[𝑛] denote the binaural 

target model, 𝐌𝑎𝑛𝑐[𝑛] the primary path between the noise 

source 𝐯[𝑛] and the control points, 𝐆𝑚[𝑛] the reference path 

between the noise source 𝐯[𝑛] and the reference microphones, 

𝐆𝑠[𝑛] the secondary path between the secondary loudspeakers 

and the control points, 𝐂𝑥𝑡𝑐[𝑛] the control filter for ANC, and 

 

Fig. 1   The block diagram of the GMM framework. 
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𝐂𝑎𝑛𝑐[𝑛] the control filter for XTC, then the goal of design in 

light of the GMM framework is to minimize 

  
(1) 

and 

  
(2) 

such that the output signal 𝐮[𝑛] comprises both the anti-noise 

and crosstalk-cancelling signals, and the error signal 𝐞[𝑛] 

ideally contains no residual noise, preserving only the intended 

binaural audio effect, with 𝑛 denoting the discrete time index 

and the notation ‖∙‖𝐹
2  representing the Frobenius norm. 

 

III. PROPOSED METHOD 

The proposed method is divided into two stages: design stage 

and testing stage. During the design stage, the acoustic transfer 

functions (ATFs) of the reference path, primary path, and 

secondary path are measured. These measured ATFs are then 

utilized to compute the coefficients of the corresponding 

controllers, 𝐂𝑎𝑛𝑐  and 𝐂𝑥𝑡𝑐 . Next, these control filters are 

converted into causal finite impulse response (FIR) filters 

suitable for real-time implementation. During the testing stage, 

the sensors at control points are removed, and the proposed 

GMM framework operates to suppress unwanted noise while 

simultaneously synthesizing the desired binaural audio effect. 

A. Causal GMM ANC 

Fig. 2 depicts the GMM architecture similar to the GOAT 

system [9], except without the modeling delay, which is 

impractical to introduce into the primary path 𝐌𝑎𝑛𝑐(𝑓) in the 

ANC scenario. The negative sign in (1) is due to the summing 

junction which represents the error microphone. Let 𝐽, 𝑁𝑚 , 

𝑁𝑠, and 𝑁𝑐 represent the number of noise sources, reference 

microphones, secondary loudspeakers, and control points, 

respectively. The noise source 𝐯(𝑓) propagates through the 

reference path 𝐆𝑚(𝑓) , which is an 𝑁𝑚 × 𝐽  matrix, and is 

captured by the reference microphone. The reference signal 

𝐱(𝑓)  is multiplied by the ANC controller 𝐂𝑎𝑛𝑐(𝑓) , an 

𝑁𝑠 × 𝑁𝑚 matrix, producing the output signal, which drives the 

secondary loudspeaker. This signal subsequently propagates 

through the secondary path 𝐆𝑠(𝑓), an 𝑁𝑐 × 𝑁𝑠  matrix. The 

anti-noise signal 𝐲(𝑓) combines with the primary noise signal 

𝐝(𝑓) at the control points in a hope of minimizing the residual 

error signal 𝐞(𝑓). 

For simplicity, the frequency index 𝑓  will be omitted 

hereafter. By applying a straightforward algebra to (1), the 

optimal solution can be calculated as 

  
(3) 

where the 𝐂̂𝑎𝑛𝑐 is the optimal filter coefficients for ANC, and 

𝐌𝑎𝑛𝑐 , 𝐆𝑠 , and 𝐆𝑚  correspond to the premeasured ATFs. 

Here, 𝐆𝑠  and 𝐆𝑚  are assumed to be a full row rank 

underdetermined system and full column rank overdetermined 

system, respectively, ensuring the invertibility of 𝐆𝑠𝐆𝑠
𝐻  and 

𝐆𝑚
𝐻𝐆𝑚. Thus, (3) can be written as 

  
(4) 

Additionally, two regularization parameters, 𝛼  and 𝛽 , are 

introduced to mitigate the ill-posedness: 

  
(5) 

Since no modeling delay is permitted here, directly 

converting (5) into FIR filters via inverse Fourier transform 

may result in non-causal filters. To convert a given frequency 

response function (FRF) into a causal FIR filter, the GMM 

procedure must satisfy a causality condition. Specifically, the 

effective delay of the primary path 𝐌𝑎𝑛𝑐  must be greater than 

the combined delay of the reference path 𝐆𝑚  and the 

secondary path 𝐆𝑠. That is, 

  
(6) 

Hence, the FRF of a causal FIR filter can be written as 

  
(7) 

where 𝑁 is the FIR filter length estimated from ∆ ∕ 𝑇, with 𝑇 

being the sampling period. Sampling the FRF at 𝑀 ≥ 𝑁 

frequencies leads to a linear system of equations 

  

(8) 

or in a more succinct matrix form 

  (9) 

In order to obtain real-valued filter coefficients, the real and 

imaginary parts of 𝐡  and 𝐄  are separated and stacked as 

follows 

  
(10) 

where 𝐡𝑅  and 𝐡𝐼  denote the real and imaginary parts of 

vector 𝐡, respectively, and 𝐄𝑅  and 𝐄𝐼  denote the real and 

imaginary parts of matrix 𝐄, respectively. Thus, the optimal 

real-valued FIR filter coefficients 𝐜̂ can be obtained through a 

regularized least-squares solution: 

  
(11) 

 

Fig. 2   The block diagram of the GMM problem for ANC. 
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where 𝜀 is the regularization parameter. 

B. Conv-TasNet ANC 

As shown in Fig. 3, the learning-based ANC architecture 

follows the structure of the model-based ANC. However, rather 

than analytically solving for the optimal control filter 𝐂𝑎𝑛𝑐(𝑓), 

a trainable neural network, Conv-TasNet, is employed to 

produce the anti-noise signal in the time-domain. During 

training, the reference signal 𝐱[𝑛] is used as the network input. 

The output of the network is the estimated anti-noise signal, 

which subsequently propagates through the secondary path 

𝐆𝑠[𝑛] to cancel noise at the control points. The ground-truth 

target is defined as 

  (12) 

where the asterisk ∗ denotes the linear convolution. Thus, the 

error signal used during training is formulated as 

  
(13) 

The network architecture closely follows that presented in 

[10] with slight modifications in the hyperparameters as 

detailed in Table I. 

Table I. The hyperparameters of the Conv-TasNet architecture 

Number of filters in autoencoder (N) 512 

Length of the filters (L) 40 

Number of channels in 1×1-conv block (B) 128 

Number of channels in convolutional blocks (H) 512 

Kernel size in convolutional blocks (P) 3 

Number of convolutional blocks in each repeat (X) 3 

Number of repeats (R) 3 

C. FUMIF XTC 

The XTC aims to create a headphone-equivalent auditory 

experience by cancelling the crosstalk present in the 

contralateral paths while preserving the ipsilateral signals. 

Therefore, the target model is chosen as 

  
(14) 

As illustrated in Fig. 4, the multichannel model matching 

architecture is formulated in the frequency domain, 

incorporating a modeling delay to ensure the causality of the 

XTC controllers. Let 𝐾 denote the number of program signals. 

The program signal 𝐬(𝑓) is multiplied by the XTC controller 

𝐂𝑥𝑡𝑐(𝑓), an 𝑁𝑠 × 𝐾 matrix, producing the output signal that 

drives the secondary loudspeaker. The objective is to minimize 

the mismatch between the generated crosstalk-cancelling signal 

𝐲(𝑓) and the desired signal 𝐝(𝑓). 

By neglecting the modeling delay for simplicity, the model 

matching cost function can be written as 

  
(15) 

where the 𝐂̂𝑥𝑡𝑐  is the optimal filter coefficients for XTC. 

Taking the complex gradient, the optimal solution can be 

computed as 

  
(16) 

As mentioned earlier, 𝐆𝑠  is assumed to be full row rank 

ensuring the invertibility of 𝐆𝑠
𝐻𝐆𝑠. A regularization parameter 

𝛾 is introduced to prevent control filter gain saturation due to 

ill-posedness: 

  
(17) 

To obtain causal FIR filters, an inverse Fourier transform 

along with a circular shift (hence the modeling delay) is 

required. 

 

IV. SIMULATION 

A. Simulation Setup 

A cuboid room measuring 5 × 6 × 2.5 m3 is considered in 

this simulation. As shown in Fig. 5, the loudspeakers are 

positioned one meter above the floor, while the microphones 

are placed 30 cm higher. The ATFs are generated by using 

Image Source Method (ISM) [19], assuming a reverberation 

 

Fig. 4   The block diagram of the multichannel model matching 

problem for XTC. 
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Fig. 3   The block diagram of the learning-based ANC system. 

 

Fig. 5   Loudspeakers and microphones placement. 
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time (T60) of 150 ms. Control points are numbered 

incrementally from left to right, starting with the first red 

triangle on the left. The regularization parameters 𝛼, 𝛽 , 𝛾 , 

and 𝜀 are configured as 10-3, 10-2, 10-4, and 10-4, respectively. 

To evaluate the ANC performance, a 2 × 6 × 4  ANC 

system is implemented, comprising two reference microphones, 

six secondary loudspeakers, and four control points. The mean 

squared noise reduction (MSNR) [20] is used as the evaluation 

metric which is defined as 

  

(18) 

where 𝑑𝑗[𝑛] and 𝑒𝑗[𝑛] represent the primary noise signal and 

the residual error signal at the j-th control point, respectively. 

A higher MSNR value indicates better noise control 

performance. 

The training configuration for the Conv-TasNet is 

summarized in Table II. As for the training data, two reference 

microphone signals are generated by convolving the noise 

dataset, which consists of fan noise from [21] and white noise, 

with the corresponding reference paths. 

Table II. The setting of Conv-TasNet model training 

Sampling rate 16 kHz 

Loss function Mean Square Error (MSE) 

Activated function tanh 

Optimizer Adam 

Learning rate 0.0001 

Batch size 8 

Epoch 25 

For evaluating the XTC performance, a 2 × 2 XTC system 

is employed, consisting of two secondary loudspeakers 

(loudspeaker #2 and #5) and two control points (control point 

#2 and #3). The configuration uses 1025 frequency bins and a 

modeling delay of 120 samples, without applying windowing 

or truncation in the inverse Fourier transform. The channel 

separation [22] is utilized as the evaluation metric which is 

given as 

  

(19) 

where 𝑃𝐵(𝑓) and 𝑃𝐷(𝑓) denote the signals measured in the 

bright zone and the dark zone. Higher channel separation value 

indicates better XTC performance. 

B. Simulation Result 

In order to evaluate the ANC performance, white noise is 

employed as the primary noise source. Table III summarizes 

the MSNR values obtained by the model-based and learning-

based ANC methods across four control points. It can be 

observed that the learning-based approach consistently 

outperforms the model-based method, achieving significantly 

higher MSNR values at approximately 20 dB compared to 16 

dB. 

Table III. ANC performance evaluated in terms of MSNR (dB) 

Control point Model-based Learning-based 

Microphone #1 16.15 20.12 

Microphone #2 16.3 20.02 

Microphone #3 16.4 20.06 

Microphone #4 16.32 20.04 

Fig. 6 presents the XTC performance, depicting the power 

spectral density (PSD) of loudspeakers under white noise 

excitation. Each plot compares ipsilateral and contralateral 

signals between loudspeakers and control points before (“ipsi-

off” and “contra-off”) and after (“ipsi-on” and “contra-on”) the 

application of XTC processing. Significant attenuation in the 

contralateral paths across a broad frequency range is clearly 

observed, while ipsilateral signals remain nearly unaffected. 

Table IV quantitatively supports these observations, 

demonstrating a substantial improvement in channel separation 

of approximately 62 dB for both loudspeakers. 

Table IV. The channel separation measured on the contralateral paths 

Channel separation Unprocessed (dB) Processed (dB) 

Loudspeaker #2 9.095 62.360 

Loudspeaker #5 11.292 62.655 
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(a) 

 

(b) 

Fig. 6   Comparison of ipsilateral and contralateral paths (a) 

loudspeaker #2 to control points #2 and #3 (b) loudspeaker #5 to control 

points #2 and #3. 
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For verifying the combined ANC and XTC performance, 

learning-based ANC method is utilized due to its superior 

performance. Similar to previous tests, white noise serves as 

the primary noise source. The audio signal for the XTC 

evaluation is segmented into three distinct parts: male-only 

voice, female-only voice, and both voices combined, as 

illustrated in Figs. 7 and 8. After XTC processing the expected 

outcome at control point #2 is that only male voice is audible, 

whereas control point #3 exclusively presents the female voice. 

As depicted in Figs. 7(a) and 8(a), the original audio signals 

are inaudible due to masking by the primary noise. In contrast, 

Figs. 7(b) and 8(b) clearly demonstrate the effectiveness of the 

noise cancellation. The blue waveform (dashed line) indicates 

the audio signal before the XTC processing takes place. After 

processed by the XTC, the result illustrated by the red 

waveform (dashed dotted line) shows that the male voice is 

predominantly audible at control point #2, while the female 

voice is clearly audible at control point #3. This confirms the 

effectiveness of the proposed unified system in achieving 

significant noise reduction while accurately rendering spatially 

separated binaural audio. 

 

V. CONCLUSIONS 

In this study, we presented a unified GMM framework to 

integrate ANC and XTC. We compared two ANC approaches: 

a model-based method inspired by the GOAT system and a 

learning-based method leveraging the Conv-TasNet. The 

findings of the present study demonstrated that the learning-

based approach exhibited superior noise reduction performance 

in comparison with the model-based counterpart. For the XTC 

subsystem, employing the FUMIF technique enabled precise 

binaural audio rendering. The integrated system successfully 

generated an anti-noise signal capable of simultaneously 

suppressing undesired noise and accurately reproducing 

spatially separated binaural audio signals. Simulation results 

validated the effectiveness of our proposed method, 

highlighting its significant potential for applications requiring 

enhanced acoustic comfort and immersive spatial audio 

experiences. Future work will focus on real-time 

implementation and developing an end-to-end unified 

framework to further enhance practical applicability. 
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(a) 

 

(b) 

Fig. 7   Time waveform comparison at control point #2 (a) ANC off 

(b) ANC on. 

 

(a) 

 

(b) 

Fig. 8   Time waveform comparison at control point #3 (a) ANC off 

(b) ANC on. 
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