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Abstract

Local active noise control (ANC) with adaptive processing requires an accurate residual error signal at the point of cancellation, which is often obtained via virtual sensing. We propose Obs-TasNet, a neural approach that estimates observation filter coefficients for the remote microphone technique (RMT) in time-variant settings. By estimating coefficients during operation, the method eliminates the need for pre-optimizing filters for selected scenarios and subsequent interpolation. Obs-TasNet builds on a modified inter-channel Conv-TasNet. The raw waveform signals from remote microphones, as well as the coordinates of the virtual microphone, are embedded as latent representation using a learnable encoding. A temporal convolutional network (TCN), employing dilated depthwise separable convolutions and an output transformation, predicts the observation filter coefficients. Following a brief hyperparameter search, an ablation study demonstrates that the proposed architectural modifications lead to reduced estimation error while substantially reducing both the number of model parameters and computational cost. In simulation, the proposed ANC system with RMT and Obs-TasNet achieves superior noise reduction over a substantially wider frequency range than a multi-point ANC baseline, validating the effectiveness of observation filter estimation.
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1 Introduction
Over the last decades, active noise control (ANC) has been widely established as a method to reduce unwanted acoustic disturbances. The underlying principle is fairly simple – so-called secondary sources emit control signals that resemble the primary disturbances, but with inverse phase [1, 2]. When executed properly, noise is reduced through destructive interference. A special form are local ANC systems. These systems are designed to achieve noise reduction at specific points of cancellation (PoC), rather than across the entire space. As secondary sources in local ANC systems are usually located relatively close to the PoC, the comparably small plant delay and tight coupling allows control of a broader frequency range while not increasing the overall sound energy across the room significantly [1, 3]. A typical use case of local ANC systems is the application in vehicles such as aircraft or cars [4–7], where the performance of passive noise reduction measures is limited by constraints of weight and size.
An inherent property of local ANC systems is the limited extent of the zone of quiet (ZoQ), which describes the area where at least 10 dB attenuation is achieved [8]. Several authors have investigated the shape and extent of the ZoQ for different primary disturbances and secondary source configurations. Most notably, the ZoQ is spherically shaped with a diameter of 1/10-th of the disturbance’s wavelength in a pure tone diffuse sound field with a secondary source in the acoustic far field [8]. This finding has been extended towards multiple PoCs [9], secondary sources in the acoustic near field [10–12], and broadband disturbances [13, 14].
A large number of local ANC approaches are implemented as adaptive filters [1, 15–18]. These usually require the residual error signals at the PoC for adaptation. However, the limited extent of the ZoQ often prevents recording the residual error with physical sensors without disturbing the listener. Instead, virtual sensing techniques are used to estimate the sound field with a virtual microphone at the PoC, relying on nearby (physical) remote microphones and knowledge about the system and disturbances [19]. Usually, virtual sensing techniques are optimized for a single scenario based on pre-recorded data. However, if a mismatch occurs between the trained and the actual scene – for example when the real and expected PoCs differ or the primary disturbances change – the estimation accuracy may deteriorate, leading to reduced performance and stability of the ANC system [20]. To handle time-variant situations, multiple virtual sensing models can be trained for different pre-defined scenarios. During operation, the model for the most similar state is used and switched in a nearest-neighbour fashion if the scene changes [21]. This approach has been shown to increase noise control performance for head movements significantly; however, the virtual sensing models have to be optimized for a dense grid of positions and states to avoid a large mismatch. In more elaborate approaches, such as the moving remote microphone technique, the error signal is calculated for several states in parallel and then interpolated towards the desired target state [22]. While in theory error signal estimation can be improved, this approach requires substantially more computational resources during operation due to the parallel computation for several states. Furthermore, signal estimation accuracy depends on the chosen interpolation algorithm as well [23]. Recently, kernel-based interpolation techniques have been used for ANC tasks [24, 25]. While these techniques perform well in estimating the sound field inside a remote microphone arrangement, prior assumptions about wave propagation and source direction have to be made [24].
To handle and process time-variant scenes with conventional virtual sensing strategies, usually multiple models are optimized for different states and interpolated by some processing logic [19, 21–23]. This requires the development of a scene-detection algorithm, a pre-selection of representative states, and a distinct optimization of virtual sensing models for each state. In contrast, (deep) neural networks are well known to be capable of identifying patterns and classifying acoustic scenes [26, 27]. Neural network-based classification models have been successfully adapted for selecting filters in virtual sensing approaches in active control [28, 29]. However, interpolation and manual filter coefficient calculation for selected scenes and positions may still be necessary. Recently, neural networks have been employed for sound field reconstruction and interpolation [30–33]. While these approaches perform well in estimating sound fields, the networks’ architectures, complexity, and processing latency often prohibit their use in real-world ANC systems. Different tasks that show some resemblance to virtual sensing are acoustic beamforming and multichannel speech enhancement [34], all of which aim to extract a certain target signal by processing signals of a microphone array. However, neural beamformers and speech enhancement algorithms traditionally often operate by applying masks on the spectrograms of the input signals [35–37]. While mask-based approaches provide good performance for speech enhancement, the inherent latency caused by the block processing may exceed requirements for some ANC systems. However, a neural beamformer can be modified to estimate the required filter coefficients for conventional virtual sensing algorithms [38]. The obtained coefficients can then either be applied in time-domain filtering to achieve low processing delay, or in fast algorithms with block processing to minimize computational load.
In this article, we propose the Obs-TasNet to estimate filter coefficients of the observation filter for the remote microphone technique (RMT) [39] with an asynchronously operating neural network. In the proposed estimation approach, recorded signals of the remote microphones are processed in conjunction with the position of the virtual microphone. During operation, no additional information about the disturbances such as the location of the primary source is provided. By using an end-to-end architecture, explicit calculation of virtual sensing weights for a limited number of selected states, scene detection, and interpolation is mitigated. With the neural estimation of the observation filter coefficients outsourced to an external co-processor or a neural processing unit, the proposed method allows for efficient real-time estimation of the error signal. Section 2 explains the filtered-reference least mean squares (FxLMS) algorithm and the RMT as fundamental signal processing techniques for local ANC with virtual sensing. The architecture of the Obs-TasNet is described in Section 3. In Section 4, the generated dataset, training setup, and evaluation metrics are described. The model is evaluated in Section 5, before concluding in Section 6. This article is based on previously published pilot studies with simpler architectures in time-invariant scenarios [40, 41]. A PyTorch-implementation of the model is openly accessible1 [42].
2 Signal processing for local ANC
This section summarises the FxLMS algorithm and the RMT as commonly used signal processing methods for ANC in time-discrete systems.
2.1 FxLMS
A large number of ANC systems are based on the FxLMS algorithm [1]. In a simple single-input-single-output system, the control signal for a secondary source
[image: Mathematical equation: $$ \begin{aligned} u[n] = \mathbf w ^T \mathbf x [n] \end{aligned} $$](1)
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 of order H − 1. The reference signal must be closely related to the primary disturbances for sufficient noise reduction performance. The adaptive control filter is updated with

[image: Mathematical equation: $$ \begin{aligned} \mathbf w \leftarrow \mathbf w - \mu e[n]\mathbf{x }_f[n], \end{aligned} $$](2)
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 to the filtered reference signal. The latter is generated by convolving the reference signal with the secondary plant response g

e
, corresponding to the transfer path between secondary source and the PoC. Usually, only an estimate [image: Mathematical equation: $ \hat{\mathbf{g}}_e = [ \hat{g}_{e,0} ~~ \hat{g}_{e,1} ~~ \dots ~~ \hat{g}_{e,I-1}]^T $] with order I − 1 is available, which defines the filtered reference signal to

[image: Mathematical equation: $$ \begin{aligned} x_f[n] = \hat{\mathbf{g }}_e^T \mathbf{x }[n]. \end{aligned} $$](3)

In many cases, the error signal e[n] cannot be recorded directly with a physical microphone at the desired PoC. Instead, the signal can be estimated by virtual sensing techniques such as the RMT.
2.2 Remote microphone technique
The RMT [39] is an extensively used state-of-the-art method [6, 21, 43, 44] for estimating the residual error signal at a virtual microphone. A block diagram of the RMT is shown in Figure 1a. For simplicity, only a single virtual microphone is considered in the following.
	[image: Thumbnail: Figure 1. Refer to the following caption and surrounding text.]	Figure 1. Block diagram of the remote microphone technique and the proposed modification for online observation filter coefficient estimation. The discrete time index n of signals is omitted for easier readability.



The error signal at the virtual microphone is defined as

[image: Mathematical equation: $$ \begin{aligned} e[n] = y_e[n] + d_e[n], \end{aligned} $$](4)

where d

e
[n] refers to the primary disturbances and y

e
[n] to the contributions of the secondary source. The latter can be estimated and decomposed to

[image: Mathematical equation: $$ \begin{aligned} \hat{y}_e[n] = \hat{\mathbf{g }}_{e}^T \mathbf u [n] \end{aligned} $$](5)

with the control signal vector for the secondary source u[n]=[u[n]  u[n − 1]  …  u[n − I + 1]]T.
To estimate the signal at the virtual error microphone, Nm nearby remote microphones are used. The signal at the r-th remote microphone is, similar to equation (4), given as

[image: Mathematical equation: $$ \begin{aligned} {m}_r[n] = {y}_{m,r}[n] + {d}_{m,r}[n], \end{aligned} $$](6)

which is composed of the primary disturbance d

m, r
[n] and the contributions of the secondary sources y

m, r
[n] at the respective remote microphone. Similar to equation (5), they are calculated as

[image: Mathematical equation: $$ \begin{aligned} \hat{y}_{m,r}[n] = \hat{\mathbf{g }}_{m,r}^T \mathbf u [n] \end{aligned} $$](7)

with the estimated (J − 1)-th order secondary plant response [image: Mathematical equation: $ \hat{\mathbf{g}}_{m,r} = [\hat{g}_{m,r,0} ~~ \hat{g}_{m,r,1} ~~ \dots ~~ \hat{g}_{m,r,J-1}]^T $].
As the remote microphone signals m

r
[n] and the control signals u[n] are typically known, the primary disturbances at the remote microphones can be extracted as

[image: Mathematical equation: $$ \begin{aligned} \hat{{d}}_{m,r}[n]&= {m}_r[n] - \hat{{y}}_{m,r}[n] \end{aligned} $$](8)


[image: Mathematical equation: $$ \begin{aligned}&= {m}_r[n] - \hat{\mathbf{g }}_{m,r}^T \mathbf u [n]. \end{aligned} $$](9)

With the estimate of the primary disturbances at the remote microphones
[image: Mathematical equation: $ \hat{{d}}_{m,r}[n] $], an observation filter
[image: Mathematical equation: $ \hat{\mathbf{o}} = [ \hat{\mathbf{o}}_{0} ~~ \hat{\mathbf{o}}_{1} ~~ \dots ~~ \hat{\mathbf{o}}_{r} ~~ \dots ~~ \hat{\mathbf{o}}_{N_m-1} ] \in \mathbb{R}^{K \times N_m} $] with [image: Mathematical equation: $ \hat{\mathbf{o}}_{r} = [\hat{{o}}_{r,0} ~~ \hat{{o}}_{r,1} ~~ \dots ~~ \hat{{o}}_{r,K-1} ]^T $] of order K − 1 can be applied to calculate the estimated primary disturbances at the virtual microphone as

[image: Mathematical equation: $$ \begin{aligned} \hat{d}_e[n] = \sum _{r=0}^{N_m-1} \hat{\mathbf{o }}_{r}^T \hat{\mathbf{d }}_{m,r}[n], \end{aligned} $$](10)

where

[image: Mathematical equation: $$ \hat{\mathbf{d }}_{m,r}[n] = [ \hat{d}_{m,r}[n] ~~ \hat{d}_{m,r}[n-1] ~~ \dots ~~ \hat{d}_{m,r}[n-K+1] ]^T. $$]

By inserting equation (10) in equation (4), the error signal at the virtual microphone is estimated as

[image: Mathematical equation: $$ \begin{aligned} \hat{e}[n]&= \hat{y}_e[n] + \hat{d}_e[n] \end{aligned} $$](11)


[image: Mathematical equation: $$ \begin{aligned}&= \hat{y}_e[n] + \sum _{r=0}^{N_m-1} \hat{\mathbf{o }}_{r}^T \hat{\mathbf{d }}_{m,r}[n]. \end{aligned} $$](12)

To ensure causality of the observation filter, the delayed RMT [45] can be used. Instead of estimating the current value of [image: Mathematical equation: $ \hat{e}[n] $], a Δ samples delayed version

[image: Mathematical equation: $$ \begin{aligned} \hat{e}[n-\mathrm \Delta ]&= \hat{y}_e[n - \mathrm \Delta ] + \hat{d}_e[n - \mathrm \Delta ] \end{aligned} $$](13)


[image: Mathematical equation: $$ \begin{aligned}&= \hat{y}_e[n - \mathrm \Delta ] + \sum _{r=0}^{N_m-1} \hat{\mathbf{o }}_{\rm \Delta ,r}^T \hat{\mathbf{d }}_{m,r}[n] \end{aligned} $$](14)

is calculated. By applying this delay, substantial parts of the observation filter can be shifted into a causal range [5]. Typically, the delay Δ should exceed the maximum time difference of arrival of primary disturbances between the remote microphone arrangement and the virtual microphone.
The secondary plant responses [image: Mathematical equation: $ \hat{\mathbf{g}}_e $] and [image: Mathematical equation: $ \hat{\mathbf{g}}_{m,r} $] can be measured for various PoCs and interpolated afterwards [7, 23] as they only depend on the position of the virtual microphone. However, the observation filter [image: Mathematical equation: $ \hat{\mathbf{o}} $] is influenced by the (virtual) error microphone position, primary source position, and spectral properties of the primary sources [21]. Estimating primary disturbances at the virtual error microphone using an observation filter forms an inverse problem that is sensitive to uncertainties and mismatches between pre-calculated filter sets and observed scenes [20, 21].
To mitigate these problems and provide an end-to-end solution to cover several scenarios, we propose an extension of the RMT by a neural network that estimates observation filter coefficients during operation as indicated in Figure 1b. By estimating the filter coefficients asynchronously on a separate thread or co-processor, no additional computational resources are required in the real-time branch of the ANC system compared to conventional processing. The following section details the proposed model architecture.
3 Model architecture
To estimate the coefficients of the observation filter, we propose Obs-TasNet, a modified version of the inter-channel fully-convolutional time-domain audio separation network (IC Conv-TasNet) [37]. Initially, it was proposed for multichannel speech enhancement, e.g. for processing speech recorded with a microphone array in a noisy environment. The IC Conv-TasNet itself is based on the original Conv-TasNet [46] and its multichannel extension [36], but provides higher performance with a significantly reduced number of parameters [37]. Key components of the (IC) Conv-TasNet are latent representations of the input data learned from the waveform domain and temporal convolutional network (TCN) stacks [47] with dilated depthwise separable convolutions [48].
In its original form, the IC Conv-TasNet estimates a real-valued mask for application on one transformed input channel. Therefore, it cannot be used for virtual sensing, as important phase information is discarded [49] and operation with tight real-time constraints is not possible due to the block processing. However, we modified the architecture to ensure suitability for virtual sensing tasks. A network overview is shown in Figure 2. For easier readability, the most important hyperparameters are described in Table 1. The two main components of the network, the encoder and the actual filter estimation network, are described in the following in detail.
	[image: Thumbnail: Figure 2. Refer to the following caption and surrounding text.]	Figure 2. Architecture of the Obs-TasNet to estimate observation filter coefficients. Additional layers compared to the original IC Conv-TasNet [37] are displayed red. Expressions in parentheses at signal lines indicate tensor size, parentheses in layers correspond to a transform of dimensions. 1D Conv refers to a standard 1D convolutional layer, TCN Conv to a TCN convolution block with varying colours for different dilation factors d, 1 x 1 Conv to a pointwise 2D convolution, and PReLU to a parametric rectified linear unit activation function.



Table 1. 
Hyperparameters of the Obs-TasNet and their description.

3.1 Encoder
The encoder transforms the input signals, namely the estimated primary disturbances [image: Mathematical equation: $ \hat{\mathbf{d}}_m [n] $] at the remote microphones, into a latent feature space. A commonly used transform for many signal processing tasks is the short-time Fourier transform (STFT). While the STFT is a versatile method suitable for many problems, it is necessarily not the optimal transform for each task [46, 50, 51].
Therefore, TasNet-style networks use a learnable input encoding [37, 46, 52]. The time domain input signals are buffered and split into L overlapping segments of length W, where [image: Mathematical equation: $ \tilde{\mathbf{d}}_{m,r} \in \mathbb{R}^{W \times L} $] refers to the blocked signal of the r-th input channel [image: Mathematical equation: $ \hat{d}_{m,r}[n] $]. The audio data is then transformed to feature space as F-dimensional latent representation by applying a linear transform

[image: Mathematical equation: $$ \begin{aligned} \mathbf D _{m,r} = \mathbf U _d ~ \tilde{\mathbf{d }}_{m,r}, \end{aligned} $$](15)

where [image: Mathematical equation: $ \mathbf{D}_{m,r} \in \mathbb{R}^{F \times L} $] is the transformed input data of channel r, and U

d
 ∈ ℝ
F × W
 a matrix containing the F encoder basis vectors. The encoder matrix U

d
 is trained end-to-end with the filter estimation network and shared across all input audio data channels.
For the proposed virtual sensing application, coordinates of the virtual microphone are processed as well. For each of the L input data blocks, Cartesian coordinates of the virtual microphone position are provided. In the same fashion as in equation (15), the matrix p ∈ ℝ3 × L
 of coordinates for the L segments is transformed

[image: Mathematical equation: $$ \begin{aligned} \mathbf P = \mathbf U _p~ \mathbf p \end{aligned} $$](16)

with an encoder matrix U

p
 ∈ ℝ
F × 3 to the encoded position P ∈ ℝ
F × L
.
After encoding, all audio and position encoder outputs are stacked [37], forming a tensor of dimension (C×F×L), where C = N

m
 + 1.
The input encoding in equations (15) and (16) is described as separate blocking and matrix multiplication. However, in practice these operations are implemented as a single convolutional layer with output channel size F, directly applied on the time-domain signal. This reformulation improves training speed and convergence [46].
3.2 Filter estimation network
The main part of this network is the filter estimation network, consisting of multiple TCN stacks [37, 46, 47] with dilated depthwise convolutions [48]. This way, temporal dependencies are captured similar to networks based on recurrent architectures, but with a smaller number of parameters and less influence of long-term dependencies [46]. Before processing in the actual TCN stacks, data is passed through bottleneck layers; the output of the TCN is transformed subsequently to provide the results in the correct shape of individual filter coefficients.
3.2.1 Bottleneck layers
To reduce complexity, the encoded inputs are first passed through three bottleneck layers, transforming each of the input tensor’s dimensions. The bottleneck layers are implemented as pointwise convolutions with kernel size 1, also referred to as 1 × 1 convolutions. As proposed in the original Conv-TasNet [46], the first bottleneck layer maps the F encoder outputs to F

b
 features. The IC-Conv-TasNet introduces a second bottleneck to map the C = N

m
 + 1 input channels onto C

b
 shared channels. For speech enhancement, an individual mask is estimated for each of the encoded input data blocks. However, several blocks are processed jointly in the Obs-TasNet to calculate filter coefficients asynchronously. This allows the introduction of a third bottleneck layer along the temporal dimension to map the L input blocks to L

b
 temporal features. Before passing the signal to the bottleneck, layer normalization [53] is applied2.
3.2.2 TCN stacks
Subsequently, data is processed by S identical TCN stacks, each consisting of D TCN convolution blocks with increasing dilation to capture different temporal dependencies. The TCN convolution blocks return two tensors – a residual output passed to the next TCN block, as well as a skip output. The summed skip outputs of all blocks are used to compute the observation filter coefficients.
The structure of a TCN convolution block is shown in Figure 3. At first, the input is processed by a pointwise convolution, mapping the Cb channel features to CTCN >  Cb internal features [37]. A parametric rectified linear unit (PReLU) [55] is used as activation function, defined as
	[image: Thumbnail: Figure 3. Refer to the following caption and surrounding text.]	Figure 3. Block diagram of a TCN convolution block. Expressions in parentheses at signal lines denote tensor size, parentheses in layers correspond to a transform of dimensions. 1 x 1 Conv refers to a pointwise 2D convolution, D-Conv to a depthwise convolution, and PReLU to a parametric rectified linear unit activation function.



[image: Mathematical equation: $$ \begin{aligned} {\text{ PReLU}}(x) = {\left\{ \begin{array}{ll} x,&\text{ if}~ x>0,\\ ax,&\text{ otherwise}, \end{array}\right.} \end{aligned} $$](17)

with a learnable parameter a ∈ ℝ.
After layer normalization [53], a depthwise separable convolution (S-Conv) [48] is performed. The S-Conv is used in image and audio processing as an alternative to conventional convolution with less parameters. To that end, the convolution is split into a 2D depthwise convolution (D-Conv) and dedicated pointwise convolutions for residual and skip output. A D-Conv performs the convolution for each of the C
TCN channels separately, while the pointwise convolution is applied over C
TCN to map the internally used channels to C

b
 outputs. Between the D-Conv and the pointwise convolutions, layer normalization and a PReLU activation function is applied. The D-Convs are dilated along their temporal dimension. In each TCN stack, the D-Conv in the first TCN convolution block uses a dilation of d = 20, the second TCN convolution block d = 21, until the D-th block is dilated by d = 2
D − 1. Zero-padding is applied to keep tensor dimensions consistent. While the skip connections are returned right after the pointwise convolution, the residual output is summed with the input of the TCN convolution block.
3.2.3 Output transform
The summed skip output of the TCN network is further processed to return the matrix of observation filter coefficients [image: Mathematical equation: $ \hat{\mathbf{o}} $]. After applying a PReLU activation function, the channel dimension C

b
 is mapped to the actually required N

m
 microphone channels by a pointwise convolution. The remaining two dimensions corresponding to temporal and feature information are then flattened and processed by a linear layer, mapping the F

b

L

b
 features to K observation filter coefficients.
4 Experimental setup
4.1 Dataset
The network is trained, validated, and tested with synthetic datasets, generated in TASCAR3 [56, 57]. In all scenarios, a single primary source with random azimuth and elevation and a distance of 1.5 m to 3 m to the centre of the coordinate system is created. Gaussian distributed noise with a spectral density proportional to 1/f

β
 with frequency f and β ∈ [0;2] is used as innovation signal, driving the primary source. Four remote microphones are positioned at the Cartesian coordinates (0.1, 0.1, 0.1), (0.1, −0.1, −0.1), ( − 0.1, 0.1, −0.1), ( − 0.1, −0.1, 0.1) m, forming a tetrahedral arrangement around the coordinate system’s centre. It should be noted, that sound propagation delay in TASCAR is by default rounded to integer samples, introducing a bias of up to ±31.25 μs with the selected sample rate.
Two different datasets are created: one with time-invariant (static dataset), the other with time invariant and time-variant virtual microphone position (mixed dataset). In the former, the microphone position within a sphere with 10 cm diameter around the coordinate system’s centre is drawn from a uniform distribution. For the second dataset, the virtual microphone position is moved up to two times in each scene, where each movement follows a linear trajectory with a duration of 0.5 s to 2 s and a pause of 2 s to 6 s between movements.
In total, each dataset consists of 80 000 scenes with 20 s duration, sampled at a rate of 16 kHz. Training and validation data are split with a 80/20% ratio. Additionally, two test sets with 1000 scenes are created, containing either just static or just time-variant virtual microphone positions. A uniformly randomized gain is applied to all scenes, so that a root mean square (RMS) level of −40 dB to −16 dB is achieved at the virtual error microphone to avoid clipping.
4.2 Training
If not specified otherwise, observation filters coefficients for a delayed RMT [45] with K = 257 taps and a delay of Δ = 64 samples are predicted. Obs-TasNet is inferred every 512 ms, corresponding to 32 frames of input data with W = 512. The models are trained by minimizing the mean squared error (MSE) between estimated primary disturbances [image: Mathematical equation: $ \hat{d}_e[n] $] at the virtual microphone and a ground truth d

e
[n]. For a level invariant loss [58], the signals are normalized using the ground truth’s RMS value. By calculating the loss on the time domain signals and for example not on magnitude spectra, phase distortions are penalized as well. The estimated primary disturbances [image: Mathematical equation: $ \hat{d}_e[n] $] are calculated by convolving the obtained observation filter coefficients [image: Mathematical equation: $ \hat{\mathbf{o}} $] with the primary disturbances d

m, r
[n] as described in equation (10). For faster training and evaluation, filtering is performed using the overlap-save method [59], Sect. 8.7.3].
The models are trained in two stages – at first 50 epochs with the static dataset, followed by 50 epochs with the mixed set. The initial training with the static dataset is carried out to properly initialize model weights before training with the mixed dataset. The Adam optimiser [60] is used in all cases – for the static dataset with a fixed learning rate of 1 × 10−4, for the mixed dataset with exponentially decaying learning rate starting at 1 × 10−4 until reaching 1 × 10−5 after 50 epochs. Learning rate, scheduling, and the training duration of 50 epochs have been determined in preliminary trainings for optimal convergence while avoiding overfitting. All trainings are performed using PyTorch with a batch size of 100 on either a NVIDIA RTX Pro 6000 Blackwell Max-Q or a NVIDIA RTX 3080 GPU.
4.3 Metrics
A central validation metric is the normalized MSE (NMSE)

[image: Mathematical equation: $$ \begin{aligned} {\text{ NMSE}} = 10 \log _{10} \left( \frac{\sum _{n=0}^\infty \epsilon [n]^2}{\sum _{n=0}^\infty d_e[n]^2} \right)\, \end{aligned} $$](18)

with

[image: Mathematical equation: $$ \begin{aligned} \epsilon [n] = d_e[n] - \hat{d}_e[n], \end{aligned} $$](19)

providing a single scalar for the broadband performance. Closely related to the NMSE is the estimation error [21]

[image: Mathematical equation: $$ \begin{aligned} E(f) = 10 \log _{10} \left( \frac{\hat{S}_{\epsilon \epsilon }(f)}{\hat{S}_{d_ed_e}(f)}\right), \end{aligned} $$](20)

where [image: Mathematical equation: $ \hat{S}_{\epsilon\epsilon}(f) $] and [image: Mathematical equation: $ \hat{S}_{d_e d_e}(f) $] with frequency f refer to an estimate of the power spectral density (PSD) of ϵ[n] and d

e
[n], respectively, calculated using Welch’s method [61]. The estimation error E(f) can be interpreted as the NMSE in frequency domain.
A metric for the evaluation of the overall performance of an ANC system is the noise reduction

[image: Mathematical equation: $$ \begin{aligned} {\text{ NR}}(f) = 10\log _{10} \left( \frac{\hat{S}_{d_e d_e}(f)}{\hat{S}_{ee}(f)}\right), \end{aligned} $$](21)

where the estimated PSD [image: Mathematical equation: $ \hat{S}_{ee}(f) $] of the error signal e[n] is compared to the estimated PSD of primary disturbances d

e
[n].
5 Experiments
Several experiments are conducted to assess the proposed Obs-TasNet. They can be grouped into four tasks, namely

	
a hyperparameter search to find suitable combinations,



	
an ablation study regarding the additional bottleneck along the temporal dimension



	
an assessment of the estimation performance based on the virtual microphone position, and



	
an evaluation as part of an ANC system, compared to a multi-point ANC system using the error signals at the remote microphones.




5.1 Hyperparameter search
A brief search for a suitable combination of the hyperparameters listed in Table 1 has been conducted. While an extensive grid search is not feasible, selected hyperparameters are varied sequentially. The tested combinations, corresponding model parameter count, computational complexity, and resulting mean validation NMSE are shown in Table 2.
Table 2. 
Mean validation NMSE for different hyperparameter combinations from Table 1. Varied parameters are highlighted. The number of model parameters is shown in millions, the computational complexity as 109 multiply-accumulate operations (GMACs).

Similar hyperparameters as in the original IC Conv-TasNet [37] are used as initial configuration. A selection of S = 3 TCN stacks with D = 6 blocks shows best performance for the selected dataset and parameter configuration. Increasing the number of input signal blocks from L = 32 to L = 64 does increase complexity slightly, but does not influence the mean NMSE. Similarly, increasing or decreasing the number of encoded features F has little influence, presumably due to the used Gaussian primary disturbances. Changes in the output dimensions of the bottleneck layers have larger impact on the complexity and number of parameters, yet the initial selection of L

b
 = 8, F

b
 = 128, and C

b
 = 64 yields in lowest mean NMSE. However, increasing the number of channels in the TCN convolution blocks to C
TCN = 512 can further reduce mean NMSE by 0.27 dB, but almost doubles computational complexity. A reduction of the number of coefficients to K = 129 affects only the linear layer at the output, hence mainly the number of parameters is influenced while computational complexity barely changes. As the filter order still exceeds the sound propagation delay of the microphone aperture, only a minor decrease of mean NMSE can be observed.
In general, the mean NMSE values in Table 2 differ only slightly across most hyperparameter configurations. This is expected because the broadband metric evaluates the entire frequency range of signals sampled at 16 kHz. As shown in Figure 4, even for the best-performing model the estimation error tends toward 0 dB at higher frequencies, which disproportionately increases the overall error relative to lower frequencies where ANC systems are primarily applied.
	[image: Thumbnail: Figure 4. Refer to the following caption and surrounding text.]	Figure 4. Estimation error E of the Obs-TasNet and a modified version without the temporal bottleneck layer (Obs-TasNet (w/o L-BN)) in scenes with (a) static and (b) moving virtual microphone.



5.2 Ablation study – Temporal bottleneck layer
In order to reduce computational load and jointly process temporal dependencies, the Obs-TasNet features compared to the IC Conv-TasNet an additional bottleneck, mapping the L input data blocks to Lb latent representations. To demonstrate the effectiveness, a version of the Obs-TasNet based on hyperparameter configuration 2 in Table 2, but without the temporal bottleneck layer, is trained. The performance is evaluated and compared for the two test sets, consisting exclusively of either time-invariant and time-variant scenes, respectively.
Results of this brief ablation study are shown in Table 3 and Figure 4. Most obviously, the proposed architecture uses about 40% fewer parameters, and reduces computational complexity by factor 4. At the same time, NMSE is decreased by approximately 0.5 dB for scenes with static and 0.4 dB for scenes with moving virtual microphone. The reduction of the estimation error with additional bottleneck layer is mainly visible towards low frequencies.
Table 3. 
Mean test NMSE for the proposed architecture (Obs-TasNet) and a modified version without the temporal bottleneck layer (Obs-TasNet (w/o L-BN)). The number of model parameters is shown in millions, the computational complexity as 109 multiply-accumulate operations (GMACs).

5.3 Position-dependent performance
Using hyperparameter combination 16 in Table 2, we briefly evaluated the static test set regarding the distance a of the virtual microphone from the centre of the arrangement. In line with [41], the mean NMSE reported in Table 4 tends to increase with a, though not strictly monotonic. Figure 5 further shows that the estimation error increases steadily with a in the lower-frequency region.
Table 4. 
Mean test NMSE for different distance a of the virtual microphone from the centre of the arrangement.

	[image: Thumbnail: Figure 5. Refer to the following caption and surrounding text.]	Figure 5. Estimation error E for different regions a of the virtual microphone from the centre of the arrangement.



5.4 ANC simulation
The proposed approach for error signal estimation is tested as part of a conventional ANC system as described in Section 2. As primarily the performance of the observation filter estimation is of interest, only the test set with static scenes is used here. This way, the secondary plant responses are time-invariant and can be modelled accurately without artefacts of secondary path interpolation. However, each scene uses randomized primary sources and virtual microphone positions as described in Section 4.1. A comparison to the conventional RMT or other commonly utilized techniques such as the additional filter method [62] is not viable. In these techniques, filters are optimized separately for each scenario with different virtual microphone position and primary disturbance direction and must be selected during operation, requiring additional metadata about the primary disturbances [21]. Instead, we used a multi-point ANC system [63] as benchmark. This approach does not process the error signal at the PoC for adaptation, but the signals of several nearby physical microphones – in our case the signals of the four remote microphones that are also processed by Obs-TasNet.
In each of the 1000 test-scenarios, a control filter with H = 256 taps is adapted with a step-size of μ = 0.1. The innovation signal driving the primary sources is used as reference signal x[n] as well. The secondary source is placed at Cartesian coordinates (1,0,0) m and modelled with I = 64 taps.
Figure 6 shows the average steady-state noise reduction of an ANC system with error signal estimation using the proposed Obs-TasNet compared to a multi-point ANC system after 15 s adaptation. Only realizations where convergence with the actual error signal e[n] is possible are taken into account. The proposed algorithm outperforms the multi-point ANC over the whole assessed frequency range. Major differences in performance are visible especially towards higher frequencies. While the multi-point ANC system reaches 10 dB noise reduction only up to 200 Hz, the system with Obs-TasNet expands this frequency range up to 700 Hz.
	[image: Thumbnail: Figure 6. Refer to the following caption and surrounding text.]	Figure 6. Averaged steady-state noise reduction (NR) after 15 s adaptation over 1000 realizations of an ANC system with the proposed Obs-TasNet for error signal estimation and a multi-point ANC system using the four (physical) remote microphones.



6 Conclusion
We presented Obs-TasNet, a neural network for online estimation of observation filter coefficients in the RMT. Built on the IC Conv-TasNet, the model processes raw waveforms from remote microphones together with the virtual microphone’s coordinates, while not requiring additional metadata about the acoustic scene. A learnable encoder maps the inputs into a shared latent space; cross-channel processing in bottleneck layers is followed by a TCN with subsequent output layers to predict the observation filter coefficients. Because the network outputs only filter coefficients – without end-to-end audio processing – the error signal computation in the real-time processing branch is unchanged compared to the conventional RMT, incurring no additional runtime load. The asynchronous design further allows model inference to be offloaded to a co-processor or neural processing unit.
We conducted a brief hyperparameter search to find a performant yet efficient configuration. An ablation study demonstrated the effectiveness of the added temporal bottleneck layer, reducing number of parameters by 40% and the computational complexity by a factor of 4, while simultaneously lowering the NMSE. In simulation, an ANC system using Obs-TasNet for error-signal estimation substantially improved noise reduction: whereas on average a multi-point ANC baseline achieved about 10 dB only up to 200 Hz, the RMT-based system with Obs-TasNet extended effective attenuation up to 700 Hz in the tested scenarios.
This work demonstrates Obs-TasNet as a proof of concept for online estimation of observation filter coefficients. Future developments may incorporate additional scene metadata, extensions for multiple points of cancellation with greater degrees of freedom of motion, and a validation of robustness in complex, real-world acoustic environments.
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	Param
	Description





	
W

	Window length for the input signal



	
K

	Number of output FIR coefficients



	
F

	Number of encoder features



	
C

	Number of input channels with C = N

m
 + 1



	
L

	Number of input signal blocks



	
F

b


	Feature dimension after bottleneck layer



	
C

b


	Channel dimension after bottleneck layer



	
L

b


	Temporal dimension after bottleneck layer



	
S

	Number of TCN stacks



	
D

	Number of TCN convolution blocks per stack



	
C
TCN

	Channels in the TCN convolution blocks
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	ID
	
D

	
S

	
L

	
L

b


	
F

	
F

b


	
C

b


	
C
TCN

	
K

	Params
	Complexity
	Mean NMSE





	1
	4
	3
	32
	8
	256
	128
	64
	256
	257
	1.07 M
	0.69 GMACs
	−14.56 dB



	2
	6
	3
	32
	8
	256
	128
	64
	256
	257
	1.39 M
	1.03 GMACs
	−15.32 dB



	3
	8
	3
	32
	8
	256
	128
	64
	256
	257
	1.70 M
	1.36 GMACs
	−14.73 dB



	4
	6
	2
	32
	8
	256
	128
	64
	256
	257
	1.07 M
	0.69 GMACs
	−14.53 dB



	5
	6
	4
	32
	8
	256
	128
	64
	256
	257
	1.70 M
	1.36 GMACs
	−15.13 dB



	6
	6
	3
	64
	8
	256
	128
	64
	256
	257
	1.39 M
	1.05 GMACs
	−15.32 dB



	7
	6
	3
	32
	8
	128
	128
	64
	256
	257
	1.30 M
	1.01 GMACs
	−14.72 dB



	8
	6
	3
	32
	8
	512
	128
	64
	256
	257
	1.55 M
	1.05 GMACs
	−15.01 dB



	9
	6
	3
	32
	4
	256
	128
	64
	256
	257
	1.25 M
	0.52 GMACs
	−14.64 dB



	10
	6
	3
	32
	16
	256
	128
	64
	256
	257
	1.65 M
	1.63 GMACs
	−14.95 dB



	11
	6
	3
	32
	8
	256
	64
	64
	256
	257
	1.24 M
	
0.52 GMACs
	−14.41 dB



	12
	6
	3
	32
	8
	256
	256
	64
	256
	257
	1.68 M
	2.03 GMACs
	−15.16 dB



	13
	6
	3
	32
	8
	256
	128
	32
	256
	257
	0.94 M
	0.57 GMACs
	−14.14 dB



	14
	6
	3
	32
	8
	256
	128
	128
	256
	257
	1.94 M
	2.27 GMACs
	−15.09 dB



	15
	6
	3
	32
	8
	256
	128
	64
	128
	257
	
0.91 M
	0.53 GMACs
	−15.05 dB



	16
	6
	3
	32
	8
	256
	128
	64
	512
	257
	2.34 M
	2.02 GMACs
	
−
15.59 dB



	17
	6
	3
	32
	8
	256
	128
	64
	256
	129
	1.25 M
	1.02 GMACs
	−15.11 dB
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      Mean test NMSE for the proposed architecture (Obs-TasNet) and a modified version without the temporal bottleneck layer (Obs-TasNet (w/o L-BN)). The number of model parameters is shown in millions, the computational complexity as 109 multiply-accumulate operations (GMACs).

      
        


	Model
	Params
	Complexity
	Mean NMSE



	
	
	
	Static
	Moving





	Obs-TasNet
	
1.39 M
	
1.03 GMACs
	
−
16.58 dB
	
−
15.37 dB



	Obs-TasNet (w/o L-BN)
	2.18 M
	4.02 GMACs
	−16.04 dB
	−14.95 dB





      

    

  
    
      Table 4. 

      Mean test NMSE for different distance a of the virtual microphone from the centre of the arrangement.

      
        


	Position
	Mean NMSE





	
a ∈ [0; 1) cm
	−20.54 dB



	
a ∈ [1; 2) cm
	−16.53 dB



	
a ∈ [2; 3) cm
	−14.58 dB



	
a ∈ [3; 4) cm
	−16.91 dB



	
a ∈ [4; 5) cm
	−15.21 dB





      

    

  
    
      Figure 5. 

      
        [image: Figure 5. Refer to the following caption and surrounding text.]
      

      
        Estimation error E for different regions a of the virtual microphone from the centre of the arrangement.

      

    

  
    
      Figure 6. 

      
        [image: Figure 6. Refer to the following caption and surrounding text.]
      

      
        Averaged steady-state noise reduction (NR) after 15 s adaptation over 1000 realizations of an ANC system with the proposed Obs-TasNet for error signal estimation and a multi-point ANC system using the four (physical) remote microphones.
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