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Abstract

Recent advancements in deep learning-based speech enhancement models have extensively used attention mecha-
nisms to achieve state-of-the-art methods by demonstrating their effectiveness. This paper proposes a transformer
attention network based sub-convolutional U-Net (TANSCUNet) for speech enhancement. Instead of adopting con-
ventional RNNs and temporal convolutional networks for sequence modeling, we employ a novel transformer-based
attention network between the sub-convolutional U-Net encoder and decoder for better feature learning. More spe-
cifically, it is composed of several adaptive time—frequency attention modules and an adaptive hierarchical attention

outperforms several state-of-the-art methods.

module, aiming to capture long-term time-frequency dependencies and further aggregate hierarchical contextual
information. Additionally, a sub-convolutional encoder-decoder model used different kernel sizes to extract multi-
scale local and contextual features from the noisy speech. The experimental results show that the proposed model

Keywords Speech enhancement, Adaptive time-frequency attention transformers, Adaptive hierarchical attention,
Transformer attention network and Sub-convolutional encoder

1 Introduction

Background noise and other residual sounds reduce the
quality and intelligibility of recorded speech signal in
a real-time. The goal of speech enhancement (SE) is to
restore the intended speech by eliminating distracting
ambient noise and noisy speech mixes. Single-channel
speech enhancement refers to the scenario where only
a single mix is available, which is an extreme case of the
undetermined problem, i.e., the number of sources is
greater than the number of mixes. This problem is found
in many real-world applications, such as mobile com-
munications, automatic speech recognition, and robotics
[1-5].
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Data scarcity is a major challenge when we train the
deep learning (DL) models. DL demands a large amount
of data to achieve exceptional performance. Federated
learning is a distributed deep learning approach that
allows institutions or hospitals to train a model on their
data without sharing it, addressing privacy and regula-
tory concerns [6]. Each institution trains a model locally
and shares the parameters with a central server, which
aggregates them to create a global model. This process
is repeated until convergence, improving model perfor-
mance and generalizability by combining data from mul-
tiple institutions. Self-supervised learning [6] is another
technique that uses unannotated data and a small
amount of annotated data to train models, pre-training
them on large datasets and fine-tuning on smaller data-
sets. Knowledge distillation involves training a smaller
model to mimic a larger model’s behavior, addressing
data scarcity. Loss functions are critical in DL models,
and in the case of data scarcity, selecting an appropriate
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one becomes crucial. Mean squared error, mean absolute
error, cross-entropy loss, and hinge loss are commonly
used loss functions for regression, multi-class classifica-
tion, image classification, and binary classification prob-
lems, respectively.

The low complexity spectral enhancement methods
are very suitable for hearing aids users [7]. The spectral
subtraction technique, initially introduced by Boll [8],
uses the assumption of uncorrelated speech and noise
to remove noise in speech. This approach was further
enhanced by Berouti et al. [9]. to minimize the artifacts
caused by noise reduction. These methods can be gen-
eralized to enhance quality by appropriately adjusting
the parameters [10]. In line with this concept, Sim et al.
[11] proposed a method for optimal parameter selection
based on minimum mean squared error. Additionally,
Hu and Yu [12] suggested an adaptive noise estimation
method to improve quality.

The multiband spectral subtraction method [13], which
takes advantage of the non-uniform distribution of noise
in different frequency bands, allows for adaptive noise
attenuation in each band, resulting in improved speech
quality; however, its application in hearing aids is not
feasible due to their strict low-power and low-latency
requirements.

Traditional noise reduction designs, although effec-
tive, are limited in their application to hearing aids due
to their complexity and latency; however, a study in [14]
presents a sample-based perceptual multiband spectral
subtraction with a multiplication-based entropy voice
activity detection, specifically tailored for low-power and
low-latency requirements of completely-in-the-canal
hearing aids.

A hearing device’s spectral enhancement requires a
filter bank with equally spaced narrow frequency bands
and a stopband attenuation of at least 60 dB, low com-
putational complexity, and a small time delay of less than
10 ms, which can be achieved using a uniform polyphase
DFT filter bank implemented through the FFT, with a
suggested 32-channel filter bank with a time delay of 8
ms under a sampling rate of 16 kHz [15-17].

In [18], a hearing device filter bank is proposed along
with a spectral enhancement algorithm, and [19] pro-
vides a description of a low-complexity method for sub-
band decomposition of audio signals in digital hearing
aids for audibility restoration applications, making it an
ideal choice for the design of a digital hearing aid. More-
over, the use of a modified discrete Fourier transform
(MDFT) method with moderate hardware complexity
[20] can also achieve sound wave decomposition.

There are many different techniques that have been
proposed for SE. Traditional techniques include statisti-
cal techniques based on statistical modeling of spatial,
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spectral, or temporal properties of the sensor signals,
such as adaptive Wiener filtering [21] and minimum
mean square error (MMSE) estimation [22] model. For
example, by modeling the spectral components of speech
and noise as statistically independent Gaussian random
variables, the MMSE estimator achieves an improvement.

In terms of speech enhancement, deep neural net-
works (DNNs) are now considered the state of the art.
DNN-based algorithms [23-25] to learn the relationship
between the noisy speech and the target speech through
training based on masks or maps. Using an ideal binary
mask (IBM) or an ideal ratio mask (IRM) as the train-
ing target, the trained model is then used to predict the
target speech through the T-F mask [26—28] or mapping
[29]. According to recent findings, mapping-based mod-
els perform better than masking-based models [30].

Vanilla DNNs and recurrent neural networks (RNNs)
have been used for temporal modeling of speech [31],
which is different from traditional DNNs. Long short-
term memory (LSTM) [32] employed the input, output,
and reset gates to record the interdependence between
the past and present frames of noisy speech. This
increases the estimation accuracy for the mask and map-
ping relations [33]. The bi-directional LSTM (Bi-LSTM)
has been proposed to replace the LSTM. According to
earlier findings, it enhances performance under unseen
speakers [30, 31]. Bi-LSTM considers future frames and
preserves the long-term interdependence between the
past, present, and future frames of noisy speech [30].

The use of convolutional neural networks (CNN) [34]
is another potential area of SE research. Convolutional
encoder-decoder (CED) is proposed to estimate the
mapping relationship between the noisy and the tar-
get speech. In [35], a deep complex recurrent convolu-
tional neural network (DCCRN) was proposed. It uses
a complex convolutional encoder and decoder model
that employs complex LSTM and dense layers between
the center of the encoder and decoder blocks. A com-
plex LSTM and dense layer are used to extract the tem-
poral dependencies from the complex encoder-decoder
structure. The multi-resolutional convolutional encoder
(MRCE) model has been proposed to improve the perfor-
mance of SE by increasing the receptive fields of the net-
work in WaveNet with extended convolutions and using
a gated mechanism to regulate the information flow [36,
37]. To enlarge the receptive fields in the time-frequency
(T-F) domain, the gated residual network (GRN) [30] and
dilated convolutions (DCN) [38] approaches used with
1-D dilated convolutions.

The raw waveform is used directly to regenerate the
enhanced speech without using a T-F representation [35,
39-43], which avoids the problem of explicit phase esti-
mation. For example, speech enhancement generative
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adversarial network (SEGAN) [40] proposed a generative
adversarial network based SE method, in which a denois-
ing generator directly maps the raw waveform of the
clean speech from the mixed raw waveform by adversar-
ial training. In [43], a temporal convolutional neural net-
work (TCNN) is proposed to improve the performance
of SE in the time domain. The TCNN utilizes a series of
1D causal and dilational convolution to capture the long-
range speech context from past and previous frames. A
multi-scale feature recalibration convolutional GRU net-
work (MCGN) [42] model for SE. Local and contextual
features can be extracted from the signal using multi-
scale convolutional layers for recalibration. In the recali-
bration network, the information flow between the layers
is controlled by gating, preserving speech and suppress-
ing noise by weighting the rescaled features.

Some deep learning-based SEs have also employed
attention mechanisms to control computational costs and
overall parameters. Attention networks that optimize the
weights of input features can be achieved with a neural
attention module to minimize losses. In learning-based
enhanced frameworks, information can be improved and
interference from irrelevant information can be reduced.
The squeeze-and-excitation attention (SEA) model was
proposed in [44]. The algorithm uses global 2D pooling
to calculate channel attention and offers impressive per-
formance improvements. In [45], a convolutional block
attention module is proposed that sequentially improves
key parts of the input features by channel attention and
spatial attention. Multi-scale and attention mechanisms
for end-to-end single-channel speech enhancement
(MASENet) [46] is a combination of multi-scale convo-
lutional models and temporal convolutional attention
(TCA) to extract local and global feature information
from speech. The outputs of the MASENet encoder
blocks are recalibrated by the attention block and high-
light informative details. In the nested U-Net with self-
attention and dense connectivity (SADNUNet) [47]
model, the encoder and decoder model uses nested
U-Net and dense blocks to extract local and contextual
features from the speech. All encoder group outputs are
recalibrated by the self-attention (SA) block, which high-
lights informative details and reduces unwanted features.

In the state-of-the-art attention-based methods of
SE described above, different attention modules are
used to determine significant features either in the spa-
tial domain or in the channel domain. Attention models
generate a strong loss of information that affects speech
intelligibility and quality. To avoid this, we use the trans-
former attention network (TAN).

Transformer-based attention networks, renowned
for their exceptional performance in the domain of
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speech enhancement, have established their efficacy
in parallel computation. These networks, as evidenced
by their impressive results [41, 48, 49], possess the
unique ability to address the challenge of long-depend-
ency more effectively than traditional recurrent neu-
ral networks (RNN) or convolutional neural networks
(CNN). The distinguishing feature of transformer-
based attention networks lies in their ability to model
speech sequences directly, thereby incorporating con-
textual information for a more comprehensive under-
standing of the data.

More specifically, it consists of several adaptive trans-
former-based spectro-temporal attention modules and
an adaptive hierarchical attention module that aims to
capture long-term time-frequency dependencies and
further aggregate intermediate hierarchical context
information. The loss of information in TAN is very low
compared to the SEA, TCA, and SA models.

To solve these problems, we propose a sub-convo-
lutional U-Net (SCUNet) with a TAN mechanism for
speech enhancement (TANSCUNet).

The specific contributions of the proposed sub-con-
volutional U-Net (SCUNet) with TAN mechanism for
speech enhancement (TANSCUNet) are as follows.

+ SCUNet is basically a convolutional encoder-
decoder model that uses different sized kernels in
each convolutional layer to generate features in dif-
ferent orders of magnitude. This allows each feature
in each scale to be assigned its own weight, so that
the speech-related components are preserved while
the noise-related ones are suppressed, and the
interdependence between local and global contex-
tual information in speech can be captured.

+ The TAN is equipped with three adaptive time-
frequency attention (ATFA) transformers and an
adaptive hierarchical attention (AHA) module. The
ATFA transformers can capture local and global
context information in both the time and frequency
dimensions, while the AHA module can flexibly
summarize all the output feature maps of the ATFA
modules by a global attention weight.

+ Finally, the output layer sums the multiscale out-
puts and accelerates convergence. The output layer
appreciates the improved speech output by provid-
ing access to multiple scales of convolutional oper-
ators that facilitate the training of the network.

The rest of the paper is organized as follows. Section 2
describes the proposed TANSCUNet method. Sec-
tion 3 describes the analysis of the experimental results.
Section 4 contains the conclusions.
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2 Proposed model
The proposed TANSCUNet model is shown in Fig. 1.
The TANSCUNet model consists of a sub-convolutional
encoder, a decoder, central layers, and an output layer.
The input of the proposed model is a noisy waveform,
which is divided into frames using the Hanning window
in to-Frame block. The output of the to-Frame block is
fed to the input layer to extract the intermediate fea-
tures. From the output of the input layer, we can extract
the context information at different scales by using the
sub-convolutional U-Net. The depth of the U-Net model
is five (i.e., five sub-convolutional encoder and decoder
blocks are used). Each block of the sub-convolutional
encoder (SCE) contains seven different sub-convolution-
als with different kernel sizes to extract the multiscale
features. The sub-convolutional decoder (SCD) block is a
mirror version of the SCE block. The output of the last
SCE block is fed into the transformer attention network.
The TAN consists of an adaptive hierarchical atten-
tion module (AHA) and three adaptive time-frequency
attention modules (ATFA). Together, the ATFA and AHA
modules create an “attention-in-attention” structure
based on the adaptive attention weights. The results of
ATFA can be further improved and integrated by AHA.
In addition, skip connections are used to improve the
information flow between the SCE and SCD blocks. The
stride value is (1,2) in all layers of SCEs and SCDs, except
in the output layer. In the output layer, the stride value is
set to (1,1).

2.1 Subconvolutional encoder and decoder block

During CNN training, a high-level feature can be influ-
enced by the receptive field. Local information can be
extracted from a small receptive field, while contextual
information can be extracted from a large receptive field
[30]. Traditionally, CNNs use a fixed kernel size that bal-
ances the extraction of local and contextual information.
A subconvolutive encoder (SCE) block addresses this
limitation by capturing information at different scales
and generating multi-scaled features.

Figure 2 shows the architecture of the SCE block. To
capture information at different scales, SCE uses different
convolutional operators of different sizes on the encoder
side. Small kernel sizes of convolution operators can
capture the local dependency between neighboring T-F
points in the short duration. By using the smallest kernel
size (1,2), two neighboring T-F points can be extracted
as features. The extraction of features from the long-
duration speech is possible using convolutional opera-
tors with large kernel sizes. Compared to smaller kernels,
these features contain contextual information. After
each convolutional operator, the layer normalization and
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LReLU [50] operations are performed. Then, as shown in
Fig. 2, concatenate outputs of each individual convolu-
tional operation block to generate the input for the next
steps. The subconvolutional decoder block (SCD) is simi-
lar to the SCE but uses deconvolution operators instead
of convolution operators.

The SCE block contains m subconvolution operators.
Each has the same number of channels, but different ker-
nel sizes are used to extract the features. X and K repre-
sent the SCE input and output respectively. The output
K = [k, ko, ..., ky,,] represents the mt" 2-D sub-convolu-
tion that has a different sized kernel.

2.2 Transformer attention network

According to the findings presented in Fig. 1, the pro-
posed TAN module consists of not only an adaptive hier-
archical attention (AHA) module but also three adaptive
time-frequency attention (ATFA) modules. As it was pre-
viously stated in the study conducted by [51] , each ATFA
module has the potential to strengthen long-range spec-
tro-temporal relationships with minimal computational
cost. This means that the ATFA modules have the capa-
bility to reinforce connections between different points in
time and frequency in an efficient manner. On the other
hand, the AHA module plays a crucial role in collecting
comprehensive contextual information by combining
numerous intermediate characteristics. By doing so, it is
able to gather global multi-scale contextual data, which is
then utilized to enhance and integrate the output of the
ATFA modules.

The combination of these ATFA and AHA modules
results in the formation of an intricate “attention-in-
attention” structure, which is primarily based on adap-
tive attention weights. This structure allows for a more
flexible and dynamic allocation of attention to different
elements within the input data. Moreover, it enables the
ATFA modules to benefit from the contextual informa-
tion provided by the AHA module, leading to further
improvements in their individual outputs. Consequently,
the AHA module acts as a facilitator in enhancing the
performance and effectiveness of the ATFA modules.
Overall, this proposed TAN module exhibits a sophisti-
cated mechanism of adaptive attention that optimizes the
utilization of contextual information and reinforces spec-
tro-temporal relationships).

2.2.1 Adaptive time-frequency attention

To mitigate the substantial computational complexity
of traditional self-attention methods, we propose the
utilization of an innovative adaptive time-frequency
attention (ATFA) mechanism as an efficient solution to
capture the extensive long-range correlations present in
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both the temporal and spectral dimensions, as deline-
ated in [51, 52].

As clearly depicted in Fig. 3, the ATFAT is bifurcated
into two distinct sub-branches that operate concur-
rently in the time and frequency axes, namely the adap-
tive temporal attention branch (ATAB) and the adaptive
frequency attention branch (AFAB). These branches are
adept at capturing comprehensive global dependencies
along the temporal and spectral dimensions due to the
incorporation of two adaptive weights, denoted as « and
B. In each branch, unlike the conventional transformer,
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we employ a Bi-GRU-based enhanced transformer [41],
which comprises of multi-head self-attention (MHSA)
components and a Bi-GRU-based position-wise net-
work. This is followed by the integration of residual con-
nections and layer normalization (LN). The utilization
of multi-head self-attention has been widely recognized
and employed in the realms of natural language process-
ing and speech processing due to its ability to effectively
leverage contextual information contained within feature
maps (Fig. 4).

In the MHSA modules, the input features undergo a
series of linear projections / times, resulting in the gen-
eration of queries (Q), keys (K), and values (V) represen-
tations. Here, /1 denotes the number of heads present in
the MHSA modules. Subsequently, the scaled dot-prod-
uct attention mechanism is executed for each head, lead-
ing to the acquisition of a weighted sum of the values.
The weights are obtained through an attention function
that takes into account the query and the corresponding
keys. Finally, the attentions of all heads are concatenated
and linearly transformed to produce the ultimate output.

F;;, = Reshape(IN) (1)
h; = Attention(q;, ki, vi), 2)
MHSA = Concatenation(hy, ha, .., h;) W© (3)
Fyusa = LN (Fiy + MHSA) (4)
EN (Eypsa) = LeakyReLU (Bi — GRU (Eyjpsa) W + B (5)
Outputapap = LN (Fympsa + FN (Fyusa)) (6)

The resulting output of the SCE block serves as an
input for the AFAB block, denoted as IN € Rp o F <
The notation Fj; € (Bx T) x F/ x C represents the
reshaping of the output, where B, T, F, and C signify the
batch size, frame number, frequency dimension, and
channel number, respectively.

Our model works with four heads in this context. Fol-
lowing the effectiveness of Bi-GRU-based transformers
in speech separation and denoising highlighted in previ-
ous studies [41, 48], we introduce a modification of the
feed-forward network (EN) in the vanilla transformer by
replacing its first fully connected layer with a Bi-GRU.
The final output is computed by feeding the output of
the multi-head self-attention block (MHSA) into the Bi-
GRU-based feed-forward network, followed by the inclu-
sion of residual connections and layer normalization
(LN). The notation FN() denotes the output of the Bi-
GRU-based linear feed-forward network, and W7 stands
for the weight of the linear transformation and B for the
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Fig. 4 Architecture of AHA block

bias. It is important to note that C is set to a value of 64 in
this module. Then, the final output of the AFAB module
is transformed back to the original size, represented as
Outputarap € RB><T><F/><C'

Likewise, the compressed input features undergo a
transformation process, resulting in B x T vectors of
dimension F' x C, which are then fed into ATAB to cal-
culate the output, denoted as Outputsrap, in parallel
along the temporal axis. Finally, the output features from
the two branches, as well as the original features, are
combined using two adaptive weights o and y in order to
derive the ultimate output of the ATFA module. Math-
ematically, this can be formulated as follows:

Outputatra = Fiy, + 0 Outputatap + y Outputsrap
7)
where o and y are initialized to 1 and automatically
assigned appropriate values.

2.2.2 Adaptive hierarchical attention

In the AHA, a technique is used to obtain comprehensive
global context information by cascading all intermedi-
ate results of the individual ATFA modules. This global
context information is denoted by the symbol Fy,,—=123.n,
where N stands for the number of ATFA modules, which
is set to 3 in the proposed method. To ensure efficient
compression of the output features of each ATFA, a
two-step process is performed. First, an average pooling
layer is applied to compress the output feature of each
ATFA into a compact representation. Second, a 1 x 1
convolutional layer is applied to further compress the

information. These compressed representations are then
cascaded with the outputs of the 1 x 1 convolutional lay-
ers. The extraction of the hierarchical attention informa-
tion is facilitated by using a softmax function that results
in the hierarchical attention weights, denoted by Wapa.
These attention weights play a crucial role in capturing
the importance of the different features in the hierar-
chical structure. The definition of W44 is derived from
the softmax function, which ensures that the attention
weights sum to one and effectively emphasize the rel-
evant features.

exp(Convyx1(Avg.Pool(Fy,)))
N _ (Convix1(Avg.Pool(Fy,))) ®)

WanHa =

A weighted pooled output, denoted as Wyupy4, has
been established for the m value which ranges from
1 to N. Following this, a matrix multiplication is per-
formed between the hierarchical attention weight,
Wara, and the global contextual information model, Fy,.
This ensures that the relationship between the two vari-
ables is accounted for and their interaction is taken into
consideration.

Gana = Wana O Fyy

exp(Convy 1 (Avg.Pool(Fy,))) o (9)
=N_| (Convix1(Avg.Pool(F,))) "

GapA = E,An[:l (

The variable G4 € R r<F xc denotes the aggrega-
tion of the global contextual feature map. To obtain the
final output, denoted as Outputsps € Ry rvr wc the
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output of the last ATFA block Fy is added to Ggpa. This
combination of the output of the last ATFA block and the
summation of the global contextual feature map results
in the final output.

Outputaria = Fn + Gana (10)

2.3 Output Layer

As shown in Fig. 1, the skip connection is used to pro-
vide input to the output layer. Based on the size of the
noisy input mixture and the information flow of the pre-
vious layer, the output layer can predict clean speech.
In the output layer 1 x 1 convolution layers are used. By
utilizing the overlap addition method, we predict the
enhanced waveform.

3 Experimental result analysis

3.1 Datasets

To test our model, we use the Common Voice [53] corpus,
a publicly available speech database. The database con-
tains 1.6 million utterances from 84,659 speakers. From
these, we select the Common Voice Corpus 13.0 under
the English category. It consists of 3209 recorded hours,
2429 h of validation, and the total number of utterances
is 86,942. We randomly select 70% of utterances for the
training set and 30% of utterances for the validation set.
The test set is also from the CommonVoiceCorpusl13.0,
which consists of 4000 utterances. We created training
and validation sets with 125 different types of noise and
different signal signal to noise ratios (SNR) values from
— 5 to 45 dB. Clean words, noise, and SNR are randomly
selected in each mixed method.

We created two test sets to evaluate the generaliza-
tion capability of the model, one for seen noise condi-
tions and the other for unseen noise conditions. From the
NOIZEUS [54] database, we collected street, restaurant,
and babble noises for seen noise condition test, while
train, exhibition hall, and airport noises selected for
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unseen noise condition test. To test the noise mixture, we
used three SNR levels: — 5 dB, 0 dB, and 5 dB.

Speech enhancement performance is measured using
the following metrics: signal-to-distortion ratio (SDR)
[55], perceptual evaluation of speech quality (PESQ)
[56], and short-time objective intelligibility (STOI) [57].
The SDR is derived from the estimated speech SDR value
minus the noisy mixture SDR value. A PESQ score ranges
from — 0.5 to 4.5, indicating the quality of speech percep-
tion. STOI measures the quality of human speech intel-
ligibility and ranges from 0 to 1. Higher values indicate
better enhancement performance.

3.2 Experimental setup and baselines
All utterances are sampled at 16 kHz. For model building,
individual utterances are converted into stacks of utter-
ances and then employed the 512 length of a hanning
window with a hop length of 256. The model is trained
over 60 epochs, the optimizer is Adam [58], learning rate
is 0.002, and batch size is 32 throughout each epoch.
Performance comparison the following baselines used
namely Bi-LSTM [31], Bi-CRN [39], GRN [30],SEGAN
[40], DCN ([38], TSTNN [41], DCCRN[35], MCGN [42],
MASENet [46], SADNUNet [47], and DBT-Net [51].
Note that we re-implement all baselines with non-causal
configurations in order to ensure fair comparisons.

3.3 Ablation study of TANSCUNet model

Table 1 shows an ablation study of the proposed model.
The performance of the proposed model is evaluated in
terms of SDR, STOI, and PESQ metrics. The U-Net model
is a basic encoder-decoder model, having convolutions
and deconvolutions with the same kernel size. The depth
(N) of U-Net varies from 2 to 7 when evaluating mean
square error (MSE) loss for 50 epochs [59]. The model loss
is significantly decreased when the depth of the model is
chosen from 2 to 5. From N = 6 to 7 loss values are scat-
tered. So, we chose the depth of the U-Net as 5.

Table 1 Ablation study of the proposed model is shown in terms of averaged SDR, STOI, and PESQ metrics. The proposed model is

indicated in the BOLD lItalic text. N indicated the depth of UNet

Metrics TAN model Par.(M) PESQ STOI (%) SDR (in dB)

SNR (in dB) ATAB AFAB AHA - —-5.00 0.00 500 Avg. —-500 0.00 500 Avg. -5.00 0.00 5.00 Avg.
Raw speech X X X X 148 166 187 167 3214 4124 5017 4118 -298 0.14 3.15 0.10
SCUNet (N=5) x X 13.20 218 241 268 242 6201 69.46 7604 69.17 578 803 1056 812
TANSCUNet v X X 3.25 231 269 291 263 6435 7105 7832 7124 6.89 9.07 11.09 9.02
TANSCUNet X v X 3.25 253 278 302 278 66,16 7326 8072 7338 783 10.18 1157 9.86
TANSCUNet v v X 3.51 2.66 291 316 290 6833 7554 8226 7538 855 1091 1213 1053
TANSCUNet v v v 3,51 2.85 312 337 308 7252 7965 8436 7884 98] 1185 1362 1176




Yecchuri and Vanambathina EURASIP Journal on Audio, Speech, and Music Processing

Next, we replaced the U-Net encoder and decoder with
SCE and SCD, which we named SCUNet. The SCE con-
tains seven sub-convolutional layers with the same size
and different kernel sizes. SCUNet provides a significant
improvement in SDR, PESQ, and STOL The total train-
able parameters of SCUNet is 13.20 million, so the com-
putational cost is very high.

Next, TAN is incorporated into SCUNet, i.e., TANS-
CUNet. The TAN consist of three ATFA blocks and an
AHA block. Each ATFA block is a combination of ATAB
and ATFB, which are capable of capturing the global
dependencies along the temporal and frequency axis.
Case I: from Table 2, in TAN, select only ATAB to extract
useful significant multi-scale temporal context. By incor-
porating ATAB, the model parameters are reduced to
3.25 million. The model performance also improves
significantly over the SCUNet, i.e., 0.90 in SDR, 2.07 in
STO], and 0.21 in PESQ.

Case II: We select only AFAB in TAN. Now, the TAN
is capable of capturing the global dependencies in fre-
quency axis and also extracts the significant multi-scale
context. The model performance significantly improves
over the ATAB based TAN, ie., 0.84 in SDR, 2.14 in
STO], and 0.15 in PESQ.

Case III: We select both ATAB and AFAB block to form
a ATFA in TAN. Now, the ATFA is capable of capturing
the global dependencies in temporal-frequency axis. By
incorporating ATFA, the model parameters are increased
0.3 million, but the model performance improves signifi-
cantly, i.e., 0.67 in SDR, 2 in STO], and 0.12 in PESQ.

Case IV: Finally, we select the ATFA and AHA blocks.
AHA module can combine many intermediate char-
acteristics to collect global multi-scale contextual
data. Together, the ATFA and AHA modules create a
“attention-in-attention” structure based on the adap-
tive attention weights; the output of ATFA may be fur-
ther improved and integrated by AHA. By incorporating

Table 2 Multi-kernel size analysis

Kernel size SDR STOI PESQ
1x2 1043 71.06 1.74
2% 2 10.61 71.79 1.81
2x3 10.65 72.16 1.88
3x4 10.76 7354 1.96
4 x5 10.94 74.38 201
5%x6 11.05 75.67 212
6x7 11.14 76.04 237
7 x7 11.32 7741 241
10 x 10 11.21 75.16 233
Multi-kernel 12.03 79.65 2.73
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AHA, model performance improves significantly, i.e.,
1.23 in SDR, 3.46 in STO], and 0.18 in PESQ.

3.4 Multi-kernel analysis

Our next experiment examines how kernel size affects
performance under seen and unseen noise conditions at
0dB SNR. As shown in Table2, performance also depends
on the choice of kernel size. We test different kernel sizes
from 1 X 1 to 10 X 10 to exploit different receptive fields.
When the kernel size is larger than 7 x 7, the perfor-
mance in terms of SDR, STOI, and PESQ may decrease.
Multi-kernel utilizes the diffrent kernels to allows the
model to capture features at different scales, thereby
exploiting both local and contextual information. The
smoothing effect becomes stronger at larger kernel sizes,
mitigating noise, while smaller kernel sizes preserve
finer spectral structures. With a bank of kernels, the
model has a greater probability of capturing and differ-
entiating features of noise and speech, improving speech
enhancement.

3.5 Performance comparison with baselines under seen
condition

The model is already trained with test speeches and

noises under seen conditions. Babble, street, and restau-

rant noises are used to test the model. Tables 3, 4, and

5 show the performance of the proposed method with

baselines in terms of PESQ, STOI, and SDR metrics.

Bi-LSTM and Bi-CRN are magnitude-based methods,
whereas the bi-directional RNN-based SE models adopt a
typical CRN with an encoder-decoder model.

Bi-LSTM produces the lowest enhancement perfor-
mance with an average of 6.23 dB of SDR, 73.53 % of
STOI, and 2.15 PESQ. The Bi-CRN uses a multi-resolu-
tion convolutional encoder-decoder and shows a slight
increase in SDR, STOI, and PESQ over the Bi-LSTM.
Bi-CRN achieves 6.63 dB SDR, 75.32 % STOI, and 2.31
PESQ. Due to its ability to capture global spatial patterns.
Additionally, LSTM layers incorporate past and cur-
rent temporal frames into the CRN to exploit temporal
dependency. CRN has more trainable parameters. Each
LSTM requires four linear layers (MLP layers) per cell to
run at each time step. Linear layers require large memory
bandwidth. During training, LSTM faces the “vanishing
gradient” problem.

The GRN model produces 7.42 dB of SDR, 77.83 % of
STOI, and 2.51 PESQ values. The GRN model is con-
structed with residual and dilated convolution blocks
and has been shown to perform well in many applica-
tions. The main drawback is that a deep network usually
requires weeks of training, making it practically infea-
sible in real-time applications, and learning can be very
inefficient if the network is too shallow.
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Table 3 SDR values of all baseline models under seen noises. Proposed model represented by bold and italic letters

Metric SDR

Noise Babble Street Restaurant

SNR (dB) -5 0 5 Avg. -5 0 5 Avg. -5 0 5 Avg.
Noisy mixture 212 4.01 5.89 4.01 1.82 3.65 5.62 3.70 2.16 418 6.13 4.16
Bi-LSTM [31] 432 6.65 7.92 6.30 412 6.01 7.39 5.84 4.56 6.88 823 6.56
Bi-CRN [34] 4.79 6.94 837 6.70 451 6.43 7.88 6.27 4.87 7.26 8.6 691
SEGAN [40] 5.03 7.22 8.72 6.99 492 6.89 842 6.74 512 7.63 891 722
GRN [30] 5.25 7.59 9.22 7.35 523 7.26 8.87 7.12 597 797 944 7.79
DCN [38] 5.85 7.99 9.64 7.83 556 7.84 9.18 7.53 6.22 8.23 9.83 8.09
DCCRN [35] 6.13 834 9.96 8.14 5.89 826 9.53 7.89 6.79 8.59 10.25 8.54
TSTNN [41] 6.57 8.74 1042 858 6.11 859 9.85 8.18 7.16 8.92 10.69 8.92
MASENet [46] 6.94 9.12 10.84 8.97 6.61 8.83 10.21 8.55 7.54 9.36 10.95 9.28
SADNUNet [47] 7.32 9.51 1.1 9.31 6.97 9.15 10.60 891 7.89 9.74 11.31 9.65
MCGN [42] 7.61 9.87 11.53 9.67 7.36 9.54 10.94 9.28 8.02 10.09 11.75 9.95
DBT-Net [51] 7.92 10.03 11.82 9.92 7.64 9.86 11.10 9.53 822 10.24 11.97 10.14
TANSCUNet 8.62 10.69 12.57 10.63 8.37 10.48 11.58 10.14 8.81 10.86 12.71 10.79
Table 4 STOI values of all baseline models under seen noises. Proposed model represented by bold and italic letters

Metric STOI

Noise Babble Street Restaurant

SNR (dB) -5 0 5 Avg. -5 0 5 Avg. -5 0 5 Avg.
Noisy mixture 56.75 62.04 68.55 6245 5541 61.26 69.17 61.95 5857 66.47 73.15 66.06
Bi-LSTM [31] 67.79 74.22 78.57 73.53 67.26 71.35 77.14 71.92 68.26 7643 80.76 75.15
Bi-CRN [34] 68.51 7535 80.87 7491 68.68 7397 79.54 74.06 70.26 7843 82.23 76.97
SEGAN [40] 69.93 76.69 81.69 76.10 69.59 75.03 81.19 75.27 72.26 79.13 83.08 7816
GRN [30] 70.12 78.94 82.05 77.04 70.34 76.36 82.88 76.53 74.96 80.05 84.81 79.94
DCN [38] 72.09 80.11 83.77 78.66 71.26 7891 83.68 77.95 75.19 81.74 85.64 80.86
DCCRN [35] 7413 81.54 84.98 80.22 73.56 79.34 84.06 78.99 76.46 82.16 86.97 81.86
TSTNN [41] 7541 83.16 86.53 81.70 74.59 81.23 85.14 80.32 77.39 83.69 87.56 82.88
MASENet [46] 77.32 84.04 87.15 82.84 76.68 82.24 86.85 81.92 7818 84.47 88.18 83.61
SADNUNet [47] 78.51 86.43 88.11 84.35 7761 8441 87.56 83.19 79.52 86.63 90.21 8545
MCGN [42] 80.31 87.78 90.03 86.04 78.54 85.69 88.94 84.39 80.13 8833 91.83 86.76
DBT-Net [51] 80.92 88.03 91.12 86.69 79.64 86.71 89.40 85.25 81.22 89.24 9247 87.64
TANSCUNet 82.62 89.71 92.72 88.35 81.69 88.12 91.94 87.25 82.56 90.81 93.86 89.08

The DCN model produces 7.82 dB of SDR, 79.15% of
STOI, and 2.60 PESQ values. The DCN model builds on
a stack of dilated convolutions that summarize contex-
tual information at multiple levels without losing resolu-
tion. The dilated convolution is constructed by inserting
zeros into the convolution kernel, which can increase the
receptive field and the resolution of the outputs. How-
ever, a stack of dilated convolutions can lead to a “grid-
ding” problem.

The DCCRN model produces 8.19 dB of SDR, 80.36 %
of STOI, and 2.71 PESQ values. The model is constructed

with complex CED and dense layers. With a dense
layer, the receptive area is increased, and more tempo-
ral dependencies are extracted from the complex CED
model. DCCRN’s limitation is that kernel sizes increase
exponentially in dense blocks, which can lead to aliasing.

The TSTNN model produces an average 8.56 dB of
SDR, 81.63 % of STOI, and 2.84 of PESQ. The TSTNN
utilizes a sequence of four two-stage transformer blocks
to model local and global information from the encoder.
The encoder uses the dilated dense block to exploit more
receptive fields, which causes aliasing.
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Table 5 PESQ values of all baseline models under seen noises. Proposed model represented by bold and italic letters

Metric PESQ

Noise Babble Street Restaurant

SNR (dB) -5 0 5 Avg. -5 (] 5 Avg. -5 0 5 Avg.
Noisy mixture 1.23 152 1.83 1.53 1.51 1.83 2.02 1.79 1.66 1.88 2.01 1.85
Bi-LSTM [31] 1.85 1.97 244 2.09 1.84 2.02 249 212 1.98 211 2.66 2.25
Bi-CRN [34] 1.92 213 2.53 2.19 1.93 221 2.57 223 2.03 221 277 234
SEGAN [40] 1.99 221 2.66 229 2.05 229 2.68 234 215 238 2.83 245
GRN [30] 2.08 2.29 2.71 2.36 2.12 245 2.75 244 2.23 249 2.96 2.56
DCN [38] 217 238 2.85 247 222 249 287 252 2.31 263 3.04 2.66
DCCRN [35] 224 2.51 294 2.56 2.37 2.65 295 2.66 247 2.74 3.1 277
TSTNN [41] 236 262 3.07 2.68 248 2.73 3.09 2.76 255 299 325 293
MASENet [46] 245 276 3.13 278 2.59 2.83 3.16 2.87 2.68 3.08 3.37 3.04
SADNUNet [47] 2.58 283 324 2.88 2.66 294 327 2.96 2.72 3.16 346 311

MCGN [42] 2.64 2.90 332 295 2.79 3.11 3.35 3.08 2.81 327 3.53 3.20
DBT-Net [51] 2.69 297 338 3.01 284 3.16 340 313 287 334 359 323
TANSCUNet 295 3.12 3.52 3.20 297 3.31 3.56 3.44 298 3.49 3.84 344

MASENet is a combination of convolutional multi-
scale and temporal convolutional attention models to
extract local and global feature information from speech.
MASENet encoder block group outputs are calibrated by
the attention block and emphasize informative details. As
a result, the model generates 8.93 dB of SDR, 82.79 % of
STOI and 2.94 PESQ values on average. The model limits
more features depending on temporal channel attention,
which affects speech intelligibility.

The SADNUNet model produces an average of 9.29 dB
of SDR, 84.33 % of STOI, and 3.03 PESQ. SADNUNet is
a nested U-Net model. Each encoder-decoder uses the
dense block to extract local and contextual features from
speech. The self-attention block calibrates the encoder
output to improve the temporal context while reduce
unwanted parameters. SADNUNet’s limitation is that
the dense block increases the kernel size exponentially to
cover large receptive areas, which leads aliasing.

The MCGN model produces an average of 9.63 dB of
SDR, 85.73 % of STOI, and 3.13 PESQ values. Local and
contextual features can be extracted from the signal using
multi-scale recalibration convolutional layers. In the cali-
bration network, control the information flow between
layers, thus improving the speech quality. MCGN has
more trainable parameters (around 77 million), which
require large amounts of memory bandwidth.

In comparison with the baseline methods, the pro-
posed TANSCUNet model achieves, on average, 10.52
dB of SDR, 88.23 % of STOI, and 3.36 PESQ. These val-
ues are 0.66 dB, 1.72 %, and 0.23 higher relative to the
DBT-Net model. TANSCUNet learns residual mapping

relationships from raw data at different scales. Small
kernel sizes of sub-convolutional layers capture local
dependencies, while large kernel sizes determine the
global dependency between larger regions. This allows
us to enlarge TANSCUNet’s receptive field and assign
different weights to the various scaled features. In addi-
tion, TAN is introduced to link the sub-convolutional
encoder and decoder, which exploits the interdepend-
ence between the past, present, and future frames.

3.6 Objective comparison of baseline models
under unseen noises

The performance of the proposed method is shown in
Tables 6, 7, and 8 under unseen noise conditions. The
unseen speakers and noises were used for testing. Trains,
airports, and exhibition hall noises are unseen noises.
The proposed TANSCUNet model achieves, on average,
10.12 dB of SDR, 87.14 % of STOI, and 3.24 PESQ. These
values are 0.85 dB, 1.6 %, and 0.15 higher relative to the
DBT-Net model. Similarly, compared with all baselines,
the proposed method shows significant improvement in
terms of SDR, STOi, and PESQ metrics. In TANSCUNet,
small kernel sizes of sub-convolutional layers capture
local dependencies, while large kernel sizes determine
the global dependency between larger regions. This
allows us to enlarge TANSCUNet’s receptive field and
assign different weights to the various scaled features. In
addition, TAN are introduced to link the sub-convolu-
tional encoder and decoder, which exploits the interde-
pendence between the past, present, and future frames.
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Table 6 SDR values of baselines under unseen noise condition. Proposed model represented by bold and italic letters

Metric SDR

Noise Train Airport Exhibition hall

SNR (dB) -5 0 5 Avg. -5 0 5 Avg. -5 0 5 Avg.
Noisy mixture 1.83 3.52 553 3.63 211 3.83 5.82 392 2.66 3.98 5.94 4.19
Bi-LSTM [31] 3.71 5.75 6.41 529 3.81 5.93 6.81 552 393 5.59 6.89 547
Bi-CRN [34] 4.05 6.19 6.75 5.66 4.25 6.37 7.08 5.90 427 6.94 7.21 6.14
SEGAN [40] 445 6.63 729 6.12 4.69 6.71 7.69 6.36 4.71 7.21 7.59 6.50
GRN [30] 4.99 6.89 7.72 6.53 5.12 6.97 7.92 6.67 5.12 7.52 7.89 6.84
DCN [38] 552 713 8.02 6.89 5.69 7.33 8.29 7.10 543 7.85 8.34 7.21
DCCRN [35] 5.81 7.39 8.36 7.22 591 7.62 8.67 741 571 811 8.59 747
TSTNN [41] 6.15 7.58 8.80 7.51 6.23 7.95 893 7.70 6.03 843 8.84 777
MASENet [46] 6.32 7.87 9.23 7.81 6.54 8.24 933 8.03 6.35 8.79 9.14 8.09
SADNUNet [47] 6.61 824 9.65 8.17 6.86 8.51 9.65 834 6.77 9.02 9.77 852
MCGN [42] 6.95 8.62 10.01 853 717 8.47 10.23 8.62 7.19 9.37 1047 9.01
DBT-Net [51] 742 9.27 10.74 9.14 7.53 8.84 10.80 9.05 7.82 10.14 10.90 9.62
TANSCUNet 7.42 9.81 11.21 9.48 7.73 10.13 11.64 10.89 7.89 10.17 11.93 10.00
Table 7 STOI values of baselines under unseen noise condition. Proposed model represented by bold and italic letters

Metric STOI

Noise Train Airport Exhibition hall

SNR (dB) -5 0 5 Avg. -5 0 5 Avg. -5 0 5 Avg.
Noisy mixture 53.54 59.14 66.55 59.74 57.57 63.16 68.84 63.19 59.17 65.61 69.28 64.69
Bi-LSTM [31] 68.31 7247 76.19 7232 69.25 73.11 78.05 7347 6942 74.14 78.53 74.03
Bi-CRN [34] 69.59 73.55 7745 73.53 70.76 7553 79.34 75.21 70.14 75.98 80.31 7548
SEGAN [40] 70.61 7544 79.75 7527 71.26 76.81 81.76 76.61 7143 77.76 81.66 76.95
GRN [30] 7157 76.51 81.58 76.55 73.39 78.63 82.37 7813 73.13 79.36 82.22 78.24
DCN [38] 73.25 78.62 83.64 78.50 74.86 79.15 83.19 79.07 75.86 80.04 84.18 80.03
DCCRN [35] 74.62 79.35 84.03 79.33 75.29 80.73 84.54 80.19 77.04 81.23 86.55 8161
TSTNN [41] 75.31 80.45 85.71 80.49 76.36 81.92 85.35 81.21 7836 83.15 87.94 83.15
MASENet [46] 77.29 81.04 86.16 81.50 78.29 83.79 8743 83.17 7947 84.26 88.23 83.99
SADNUNet [47] 78.14 83.87 87.08 83.03 79.08 84.64 88.02 83.91 80.24 85.23 89.03 84.83
MCGN [42] 79.86 84.73 88.14 84.24 79.64 85.53 89.01 84.72 80.82 86.01 90.42 85.75
DBT-Net [51] 8041 85.07 89.11 84.86 80.57 86.23 89.38 85.39 81.02 86.73 91.31 86.35
TANSCUNet 81.91 86.59 90.95 86.48 82.61 87.85 91.06 87.17 83.14 87.97 92.21 87.77

4 Conclusion The multi-kernel achieves 12.03 SDR, 79.65% STOI, and

In this paper, a novel framework has been proposed
for single-channel speech enhancement. Several novel
strategies were incorporated into the proposed TANS-
CUNet model very effectively to control information
loss and also improve the performance of speech qual-
ity and intelligibility. The sub-convolutional encoder and
decoder model uses different-sized kernels in each con-
volutional layer and produces features at various scales.
Therefore, it captures the interdependency between
local and global contextual information within speech.

2.73 PESQ. It indicates that multi-kernel provides sig-
nificant improvement compared to individual kernel size
analysis. The combination of ATFA and AHA blocks in
the TAN model is made. Stack of ATFA blocks in TAN
effectively extracts global context and highlighted infor-
mation in temporal and spectral dimensions with the
help of MHSA and Bi-GRU layers and also highlighted
contextual information is controlled with adaptive fac-
tors (o and B). AHA cascades all ATFA block outputs
and extracts hierarchical attention information. From the
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Table 8 PESQ values of baselines under unseen noise condition. Proposed model represented by bold and italic letters

Metric PESQ

Noise Train Airport Exhibition hall

SNR (dB) -5 0 5 Avg. -5 0 5 Avg. -5 0 5 Avg.
Noisy mixture 1.17 141 1.74 144 1.31 1.67 1.93 1.64 1.64 1.88 2.15 1.89
Bi-LSTM [31] 1.85 2.16 249 217 1.98 226 2.58 227 218 2.31 2.66 238
Bi-CRN [34] 1.94 221 2.57 224 2.06 234 2.64 235 227 244 277 249
SEGAN [40] 202 232 2.66 233 2.19 246 2.75 247 2.38 257 293 263
GRN [30] 2.08 244 271 241 226 2.55 2.84 255 247 263 3.06 272
DCN [38] 2.17 2.59 2.85 2.54 2.34 261 2.96 2.64 255 2.77 3.14 2.82
DCCRN [35] 229 265 294 263 242 2.69 3.04 272 261 2.86 3.20 2.89
TSTNN [41] 236 271 3.01 2.69 251 2.76 3.1 2.79 2.69 293 3.24 295
MASENet [46] 242 2.77 3.08 2.75 263 2.84 3.18 2.88 2.76 3.01 3.29 3.02
SADNUNet [47] 2.55 2.83 317 2.85 2.71 292 3.26 2.96 2.81 3.06 333 3.07
MCGN [42] 261 2.89 3.21 2.90 2.78 3.04 3.34 3.05 2.85 3.16 342 3.14
DBT-Net [51] 267 292 327 296 282 3.09 3.37 3.09 2.89 324 349 3.20
TANSCUNet 2.89 3.07 3.46 3.14 2.93 3.25 3.58 3.25 3.01 3.35 3.62 3.33
ablation study, the combination of ATFA and AHA pro-  ATFA Adaptive time-frequency attention

vides significant improvement compared to individual
ATFA and AHA block performance. Analyze the effec-
tiveness of the proposed method under unseen speaker
conditions, including both seen and unseen noise. The
proposed TANSCUNet model achieves under seen noise
conditions, on average, 10.52 dB of SDR, 88.23% of STOI,
and 3.36 of PESQ. Similarly, under unseen noise condi-
tions, on average, there was 10.12 dB of SDR, 87.14% of
STOI, and 3.24 of PESQ. Compared with all baselines,
the proposed method’s performance is significantly
improved in terms of STOI, PESQ, and SDR.

Abbreviations

SE Speech enhancement

DL Deep learning

MMSE Minimum mean square error
DNN Deep neural network

IBM Ideal binary mask

IRM Ideal ratio mask

RNN Recurrent neural network

LST™M Long-short-term memory
Bi-LSTM  Bi-directional LSTM

CNN Convolutional neural network
CED Convolutional encoder-decoder
MRCE Multi-resolutional convolutional encoder

T-F Time-frequency

GRN Gated residual network

DCN Dilated convolutions

DRNN Deep recurrent neural network

TCNN Temporal convolutional neural network
GRU Gated recurrent unit

CRN Convolutional recurrent network

SEA Squeeze-and-excitation attention

TCA Temporal convolutional attention

SA Self attention
TAN Transformer attention network
SCUNet  Sub-convolutional U-Net

AHA Adaptive hierarchical attention
FC Fully connected

SCE Sub-convolutional encoder
SCD Sub-convolutional decoder
LN Layer normalization

LRelLU Leaky rectified linear unit
OLA Overlap-add method
MHSA Multi-head self

FN Feed-forward network

SNR Signal-to-noise ratio

SDR Source to distortion ratio

PESQ Perceptual evaluation of speech quality
STOI Short-time objective intelligibility

MSE Mean square error

Acknowledgements
This work is done at a high-performance computing research laboratory at
VIT-AP university.

Authors’ contributions

Sivaramakrishna Yecchuri: conceptualization, methodology, software, writ-
ing—original draft preparation. Sunny Dayal Vanambathina: data curation,
validation, supervision.

Funding
The author(s) received no financial support for the research, authorship, and/
or publication of this article.

Availability of data and materials

+ NOIZEUS: A noisy speech corpus for evaluation of speech enhancement
algorithms. “http://ecs.utdallas.edu/loizou/speech/noizeus/".

- Common Voice. "https://commonvoice.mozilla.org/en”.

Declarations
Competing interests

The authors declare no competing interests.

Received: 4 August 2023 Accepted: 22 January 2024
Published online: 03 February 2024


http://ecs.utdallas.edu/loizou/speech/noizeus/
https://commonvoice.mozilla.org/en

Yecchuri and Vanambathina EURASIP Journal on Audio, Speech, and Music Processing

References

1.

2.

20.

21

22.

23.

24.

25.

D.Wang, Deep learning reinvents the hearing aid. IEEE Spectr. 54(3),
32-37(2017)

PC. Loizou, Speech enhancement: theory and practice (CRC Press, Boca
Raton, 2007)

S.M. Nagvi, M. Yu, J.A. Chambers, A multimodal approach to blind source
separation of moving sources. IEEE J. Sel. Top. Signal Process. 4(5),
895-910 (2010)

Y. Sun, Y. Xian, W. Wang, S.M. Naqvi, Monaural source separation in com-
plex domain with long short-term memory neural network. IEEE J. Sel.
Top. Signal Process. 13(2), 359-369 (2019)

B. Rivet, W.Wang, S.M. Naqvi, JA. Chambers, Audiovisual speech source
separation: An overview of key methodologies. [EEE Signal Process. Mag.
31(3), 125-134 (2014)

L. Alzubaidi, J. Bai, A. Al-Sabaawi, J. Santamarfa, A. Albahri, BS.N. Al-dab-
bagh, M.A. Fadhel, M. Manoufali, J. Zhang, AH. Al-Timemy et al., A survey
on deep learning tools dealing with data scarcity: Definitions, challenges,
solutions, tips, and applications. J. Big Data 10(1), 46 (2023)

PG. Patil, TH. Jaware, S.P. Patil, R.D. Badgujar, F. Albu, . Maharig, B. Al-
Sheikh, C. Nayak, Marathi speech intelligibility enhancement using i-ams
based neuro-fuzzy classifier approach for hearing aid users. IEEE Access
10, 123028-123042 (2022)

S. Boll, Suppression of acoustic noise in speech using spectral subtrac-
tion. IEEE Trans. Acoust. Speech Signal Process. 27(2), 113-120 (1979)

M. Berouti, R. Schwartz, J. Makhoul, in ICASSP’79. [EEE International Confer-
ence on Acoustics, Speech, and Signal Processing. Enhancement of speech
corrupted by acoustic noise, vol. 4 (IEEE, Washington, DC, 1979), pp.
208-211

JS. Lim, AV. Oppenheim, Enhancement and bandwidth compression of
noisy speech. Proc. IEEE 67(12), 1586-1604 (1979)

. BL.Sim, Y.C.Tong, J.S. Chang, C.T. Tan, A parametric formulation of the

generalized spectral subtraction method. IEEE Trans. Speech Audio
Process. 6(4), 328-337 (1998)

H. Hu, C. Yu, Adaptive noise spectral estimation for spectral subtraction
speech enhancement. IET Signal Process. 1(3), 156-163 (2007)

S. Kamath, P. Loizou, et al., in ICASSP. A multi-band spectral subtraction
method for enhancing speech corrupted by colored noise, vol. 4 (Cit-
eseer, 2002), pp. 44164-44164

CW.Wei, C.C.Tsai, Y. FanJiang, T.S. Chang, S.J. Jou, Analysis and imple-
mentation of low-power perceptual multiband noise reduction for the
hearing aids application. [ET Circ. Devices Syst. 8(6), 516-525 (2014)

S.M. Kim, S. Bleeck, An open development platform for auditory real-time
signal processing. Speech Commun. 98, 73-84 (2018)

S.M. Kim, Hearing aid speech enhancement using phase difference-
controlled dual-microphone generalized sidelobe canceller. IEEE Access
7,130663-130671 (2019)

S.M.Kim, Auditory device voice activity detection based on statistical
likelihood-ratio order statistics. Appl. Sci. 10(15), 5026 (2020)

S.M.Kim, Wearable hearing device spectral enhancement driven by non-
negative sparse coding-based residual noise reduction. Sensors 20(20),
5751 (2020)

T. Devis, M. Manuel, A low-complexity 3-level filter bank design for effec-
tive restoration of audibility in digital hearing aids. Biomed. Eng. Lett.
10(4), 593-601 (2020)

S. Vellaisamy, E. Elias, Design of hardware-efficient digital hearing aids
using non-uniform mdft filter banks. Signal Image Video Process. 12,
1429-1436 (2018)

J.Lim, A. Oppenheim, All-pole modeling of degraded speech. IEEE Trans.
Acoust. Speech Signal Process. 26(3), 197-210 (1978)

Y. Ephraim, D. Malah, Speech enhancement using a minimum-mean
square error short-time spectral amplitude estimator. IEEE Trans. Acoust.
Speech Signal Process. 32(6), 1109-1121 (1984)

Y.Wang, D. Wang, Towards scaling up classification-based speech separa-
tion. IEEE Trans. Audio Speech Lang. Process. 21(7), 1381-1390 (2013)

K. Han, Y. Wang, D. Wang, W.S. Woods, I. Merks, T. Zhang, Learning spectral
mapping for speech dereverberation and denoising. IEEE/ACM Trans.
Audio Speech Lang. Process. 23(6), 982-992 (2015)

M. Tu, X. Zhang, in 2017 IEEE international conference on acoustics, speech
and signal processing (ICASSP). Speech enhancement based on deep
neural networks with skip connections (IEEE, New Orleans, 2017), pp.
5565-5569

26.

27.

28.

29.

30.

31

32.

33

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

(2024) 2024:8 Page 14 of 15

S. Rickard, O.Yilmaz, in 2002 IEEE International Conference on Acoustics,
Speech, and Signal Processing. On the approximate w-disjoint orthogonal-
ity of speech, vol. 1 (IEEE, Orlando, 2002), pp. I-529

Y. Jiang, D. Wang, R. Liu, Z. Feng, Binaural classification for reverberant
speech segregation using deep neural networks. IEEE/ACM Trans. Audio
Speech Lang. Process. 22(12),2112-2121 (2014)

A.Narayanan, D. Wang, in 2013 IEEE International Conference on Acoustics,
Speech and Signal Processing. Ideal ratio mask estimation using deep
neural networks for robust speech recognition (IEEE, Vancouver, 2013),
pp. 7092-7096

Y. Xy, J. Dy, LR. Dai, CH. Lee, A regression approach to speech enhance-
ment based on deep neural networks. [EEE/ACM Trans. Audio Speech
Lang. Process. 23(1), 7-19 (2014)

K.Tan, J. Chen, D. Wang, Gated residual networks with dilated convolu-
tions for monaural speech enhancement. IEEE/ACM Trans. Audio Speech
Lang. Process. 27(1), 189-198 (2018)

J. Chen, D. Wang, Long short-term memory for speaker generalization

in supervised speech separation. J. Acoust. Soc. Am. 141(6), 4705-4714
(2017)

S. Hochreiter, J. Schmidhuber, Long short-term memory. Neural Comput.
9(8), 1735-1780 (1997)

F.Weninger, H. Erdogan, S. Watanabe, E. Vincent, J.L. Roux, J.R. Hershey, B.
Schuller, in International conference on latent variable analysis and signal
separation. Speech enhancement with Istm recurrent neural networks
and its application to noise-robust asr (Springer, Liberec, 2015), pp. 91-99
S.R. Park, J. Lee, A fully convolutional neural network for speech enhance-
ment. arXiv preprint arXiv:1609.07132. (2016)

Y.Hu, Y. Liy, S. Lv, M. Xing, S. Zhang, Y. Fu, J. Wu, B. Zhang, L. Xie, Dccrn:
Deep complex convolution recurrent network for phase-aware speech
enhancement. arXiv preprint arXiv:2008.00264. (2020)

E.M. Grais, D. Ward, M.D. Plumbley, in 2018 26th European Signal Processing
Conference (EUSIPCO). Raw multi-channel audio source separation using
multi-resolution convolutional auto-encoders (IEEE, Rome, 2018), pp.
1577-1581

D. Rethage, J. Pons, X. Serra, in 2018 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP). A wavenet for speech
denoising (IEEE, Calgary, 2018), pp. 5069-5073

S. Pirhosseinloo, J.S. Brumberg, in Interspeech. Monaural speech enhance-
ment with dilated convolutions. INTERSPEECH 2019, Graz, 2019), pp.
3143-3147

K.Tan, D. Wang, in Interspeech. A convolutional recurrent neural network
for real-time speech enhancement, vol. 2018 (INTERSPEECH 2019, 2018,
Hyderabad, 2018), pp. 3229-3233

S. Pascual, A. Bonafonte, J. Serra, Segan: Speech enhancement generative
adversarial network. arXiv preprint arXiv:1703.09452. (2017)

K.Wang, B.He, W.P. Zhu, in ICASSP 2021-2021 IEEE International Confer-
ence on Acoustics, Speech and Signal Processing (ICASSP). Tstnn: Two-stage
transformer based neural network for speech enhancement in the time
domain (IEEE, Toronto, 2021), pp. 7098-7102

Y. Xian, Y. Sun, W.Wang, S.M. Naqvi, A multi-scale feature recalibration
network for end-to-end single channel speech enhancement. IEEE J. Sel.
Top. Signal Process. 15(1), 143-155 (2020)

A. Pandey, D. Wang, in ICASSP 2019-2019 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP). Tcnn: Temporal convo-
lutional neural network for real-time speech enhancement in the time
domain (IEEE, Brighton, 2019), pp. 6875-6879

J.Hu, L. Shen, G. Sun, in Proceedings of the IEEE conference on computer
vision and pattern recognition. Squeeze-and-excitation networks (IEEE, Salt
Lake City, 2018), pp. 7132-7141

S.Woo, J. Park, J. Lee, I.S. Kweon. in Proceedings of the European Conference
on Computer Vision (ECCV). CBAM: convolutional block attention module
(Springer, Cham, 2018), pp. 3-19

X.Xiang, X. Zhang, H. Chen, A convolutional network with multi-scale and
attention mechanisms for end-to-end single-channel speech enhance-
ment. IEEE Signal Process. Lett. 28, 1455-1459 (2021)

X. Xiang, X. Zhang, H. Chen, A nested U-net with self-attention and dense
connectivity for monaural speech enhancement. IEEE Signal Process. Lett.
29, 105-109 (2021)

J. Chen, Q. Mao, D. Liu, Dual-path transformer network: Direct context-
aware modeling for end-to-end monaural speech separation. arXiv pre-
print arXiv:2007.13975. (2020)



Yecchuri and Vanambathina EURASIP Journal on Audio, Speech, and Music Processing (2024) 2024:8

49.

50.

51

52.

53.

54.

55.

56.

57.

58.

59.

Y. Li, Y. Sun, W.Wang, S.M. Naqvi, U-shaped transformer with frequency-
band aware attention for speech enhancement. IEEE/ACM Trans. Audio
Speech Lang. Process. 31, 1511-1521 (2023)

A.L.Maas, AY.Hannun, AY.Ng, et al,, in Proc. icml. Rectifier nonlineari-
ties improve neural network acoustic models, vol. 30 (Proceedings of
Machine Learning Research, Atlanta, 2013), p. 3

G.Yu, A. Li, C. Zheng, Y. Guo, Y. Wang, H. Wang, in ICASSP 2022-2022

IEEE International Conference on Acoustics, Speech and Signal Processing
(ICASSP). Dual-branch attention-in-attention transformer for single-chan-
nel speech enhancement (IEEE, Singapore, 2022), pp. 7847-7851
C.Tang, C. Luo, Z. Zhao, W. Xie, W. Zeng, in Proceedings of the Twenty-Ninth
International Conference on International Joint Conferences on Artificial
Intelligence. Joint time-frequency and time domain learning for speech
enhancement (International Joint Conferences on Artificial Intelligence
Organization, 2021), pp. 3816-3822

CommonVoice. Mozilla. (2017). https://commonvoice.mozilla.org/en.
Accessed 10 Jan 2023

P. Loizou, Y. Hu, Noizeus: A noisy speech corpus for evaluation of speech
enhancement algorithms. Speech Commun. 49, 588-601 (2017)
E.Vincent, R. Gribonval, C. Févotte, Performance measurement in blind
audio source separation. IEEE Trans. Audio Speech Lang. Process. 14(4),
1462-1469 (2006)

Recommendation, ITU-T, Perceptual evaluation of speech quality (PESQ):
An objective method for end-to-end speech quality assessment of
narrow-band telephone networks and speech codecs. Rec. [TU-T P. 862.
(2001)

C.H.Taal, R.C. Hendriks, R. Heusdens, J. Jensen, An algorithm for intel-
ligibility prediction of time-frequency weighted noisy speech. IEEE Trans.
Audio Speech Lang. Process. 19(7), 2125-2136 (2011)

D.P. Kingma, Ba Jimmy. Adam: A method for stochastic optimiza-

tion. arXiv preprint arXiv:1412.6980. (2014)

Y. Sivaramakrishna, S. Vanambathina, A nested U-net with efficient
channel attention and D3Net for speech enhancement. Circ. Syst. Signal
Process. 42, 4051-4071 (2023)

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 15 of 15


https://commonvoice.mozilla.org/en

	Sub-convolutional U-Net with transformer attention network for end-to-end single-channel speech enhancement
	Abstract 
	1 Introduction
	2 Proposed model
	2.1 Subconvolutional encoder and decoder block
	2.2 Transformer attention network
	2.2.1 Adaptive time-frequency attention
	2.2.2 Adaptive hierarchical attention

	2.3 Output Layer

	3 Experimental result analysis
	3.1 Datasets
	3.2 Experimental setup and baselines
	3.3 Ablation study of TANSCUNet model
	3.4 Multi-kernel analysis
	3.5 Performance comparison with baselines under seen condition
	3.6 Objective comparison of baseline models under unseen noises

	4 Conclusion
	Acknowledgements
	References


