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Abstract: Audio signal separation is an open and challenging issue in the classical “Cocktail Party Problem”. Especially in a reverberation environment, the separation of mixed signals is more difficult separated due to the influence of reverberation and echo. To solve the problem, we propose a determined reverberant blind source separation algorithm. The main innovation of the algorithm focuses on the estimation of the mixing matrix. A new cost function is built to obtain the accurate demixing matrix, which shows the gap between the prediction and the actual data. Then, the update rule of the demixing matrix is derived using Newton gradient descent method. The identity matrix is employed as the initial demixing matrix for avoiding local optima problem. Through the real-time iterative update of the demixing matrix, frequency-domain sources are obtained. Then, time-domain sources can be obtained using an inverse short-time Fourier transform. Experimental results based on a series of source separation of speech and music mixing signals demonstrate that the proposed algorithm achieves better separation performance than the state-of-the-art methods. In particular, it has much better superiority in the highly reverberant environment.
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1  Introduction

In the classical “Cocktail Party Problem”, the collected sound signals are the mixtures of multiple sounds [1], and it is an important task to separate these sounds independently. Additionally, how to separate the received multiple music signals independently is also a practical and meaningful problem in the studio. Thus, it is necessary to design a novel machine learning method to separate speech and music mixing signals.

When the number of sources is equal to the number of sensors, it is a determined mixture. Taking into the effects of echo and reverberant consideration, the mathematical model of mixing signals can be similar to the convolutive model. To solve the source separation problem of convolutive mixing signals, Blind Source Separation (BSS) is an effective source separation method, which can separate the unknown source signals from the mixing signals without knowing any channel information [2–4]. It has been applied to audio signal processing and biomedical signal processing [5,6]. Independent Component Analysis (ICA) is a mature machine learning framework to solve the source separation problem, which supposes that the source signals are mutually statistically independent [7,8]. Independent Vector Analysis (IVA) is the extension of ICA, which is a fast and stable algorithm framework to blindly recover unknown sources [9–11]. Recently, an independent vector extraction method has been proposed for less reverberant environments [12], and independent low-rank matrix analysis is a fast and stable method based on a time-variant sub-Gaussian source model for determining blind audio source separation, which has a much faster convergence speed and better separation performance [13].

Determined BSS based on time-frequency masking is a very popular speech separation algorithm [14–18]. Fast Independent Component Analysis (FastICA) algorithm [19], Parallel Factor Simultaneous Diagonalization (PARAFAC-SD) algorithm [20], Projection Successive Projection Algorithm (Pro-SPA) algorithm [21], and Low-Rank Nonnegative Matrix Factorization (Low-Rank NMF) algorithm [22] are classical time-frequency BSS algorithms to solve determined convolutive mixture problem. However, the sequence of source signals estimated at the time-frequency point is easy to confuse, and it is difficult to maintain the sequence consistency of source signals, leading to the permutation ambiguity problem. The frequency bin-wise clustering and permutation alignment method is a robust and precise method to solve the permutation problem [23,24]. The direction of arrival method based spatial covariance model can mitigate the effect of spatial aliasing at high frequencies [25–27]. Recently, a consistent blind canonical polyadic decomposition based on the direction of arrival estimate method is proposed for acoustic vector sensor arrays [28]. The multichannel NMF method can avoid the permutation ambiguity problem by using directivity-aware jointly-diagonalizable spatial covariance matrices [29,30]. In addition, tensor decomposition technical by using coupled frequency bins can eliminate the permutation ambiguity [31]. Nonnegative tensor decomposition model and sparse analysis method have been applied to audio signal separation [32–34]. However, audio source separation in the reverberant environment has always been a hot unsolved problem.

In this paper, we propose a novel Determined Reverberant Blind Source Separation (DR-BSS) algorithm to separate the speech and music mixing signals for the convolutive mixture case. First of all, the time-domain reverberant convolutive mixing signals are transformed into frequency-domain linear mixing signals via Short Time Fourier Transform (STFT). In order to obtain the accurate demixing matrix, a new cost function is built and the update rule of the demixing matrix is derived using Newton gradient descent method. To avoid local optima problem, the identity matrix is used as the initial demixing matrix for the iterative updating process. The frequency-domain sources are reconstructed based on the demixing matrix. Then, the time-domain sources are obtained using inverse STFT.

The main novelty of this paper can be summarized as:

•   DR-BSS algorithm is designed, where the update rules of the demixing matrix are obtained via strict mathematical theory derivation. Frequency-domain sources are obtained using the real-time iterative update of the demixing matrix.

•   Experimental results show that source separation performance of this proposed DR-BSS algorithm is better than the state-of-the-art methods, especially in much higher reverberation circumstances.

This article starts with an introduction, the remaining is organized as follows. Section 2 describes the reverberant convolutive system model. Section 3 proposes the DR-BSS algorithm to separate speech and music mixing signals. Experimental results based on source separation performance of speech and music convolutive mixtures will be demonstrated in Section 4. Finally, conclusions are proposed in Section 5.

2  System Model

2.1 Model

The reverberant mixing model can be represented as the convolution of each source 
si(t)
, which is defined as [35]


xj(t)=∑iI∑τhji(τ)si(t−τ)
(1)

where 
xj(t)
denotes the mixtures containing 
i=1, …, I
sources captured by 
j=1, …, J
sensors, 
hji(τ)
denotes spatial room impulse responses (RIRs), t is the time sample index. The goal of this paper is to separate source 
si(t)
from convolutive mixtures, where the number of sources is assumed to be known.

2.2 Method

Using the STFT, the source signals and mixing signals in each time-frequency slot are defined as


sfn=(sfn1, …, sfnI)T∈CJ
(2)


xfn=(xfn1, …, xfnJ)T∈CJ
(3)

where 
f=1, …, F
and 
n=1, …, N
are the indices of the frequency bins and time frames, respectively. 
(⋅)T
represents the vector transpose. When the window size in the STFT is much more than the impulse responses, the mixing signals can be represented as


xfn=Hfsfn
(4)

where 
Hf=[hf1, …, hfI]∈CJ×I
is a mixing matrix and 
hfi
denotes the acoustic transfer functions. For the determined signal, i.e., 
I=J
, define the demixing matrix 
Wf=[wf1, …, wfJ]H
where 
(⋅)H
denotes Hermitian transpose. Thus, the separated sources can be obtained as


s^fn≈yfn=Wfxfn
(5)

where 
Wf
is the estimate of 
Hf−1
, and 
WfHWf=I
. Then, using inverse STFT, the time-domain separated sources can be obtained.

2.3 Overall Structure of the Study

The overall structure of the study is summarized as follows. First of all, the mixing signals in the time domain are transmitted into the frequency domain by using STFT. Then, a new cost function is built to obtain the accurate demixing matrix. Furthermore, the update rule of the demixing matrix is derived using the Newton gradient descent method. Through the real-time iterative update of the demixing matrix, the frequency-domain sources are obtained. Finally, the time-domain sources can be obtained using inverse STFT.

3  Proposed Algorithm

In order to obtain the accurate demixing matrix 
Wf
, define the cost function:


F(Wf)=E[G(∑f(Wfxfn)2)]−∑fλf[WfHWf−I]
(6)

where 
E[⋅]
is Expectation operator, 
G(⋅)=−log⁡f^s(⋅)
, 
f^s
models the frequency components of signal, 
λf
is the Lagrange multiplier. The cost function can be used to show the gap between the prediction and the actual data. By using Newton gradient descent method and Taylor expansion, let the gradient 
∂F(Wf)/∂(Wf∗)
to be zero, so


∂F(Wf)∂(Wf∗)≈∂F(Wf,0)∂(Wf∗)+∂2F(Wf,0)∂(Wf∗)∂(WfT)(Wf−Wf,0)+∂2F(Wf,0)∂(Wf∗)∂(WfH)(Wf−Wf,0)∗=0
(7)

where the point of Taylor expansion changes from 
Wf=0
to 
Wf=Wf,0
, and


∂F(Wf,0)∂(Wf∗)=E[yfn,0∗G′(∑fyfn,02)xfn]−λfWf,0
(8)


∂2F(Wf,0)∂(Wf∗)∂(WfT)=E[(G′(∑fyfn,02)+yfn,02G′′(∑fyfn,02))xfnxfnH]−λfI≈E[(G′(∑fyfn,02)+yfn,02G′′(∑fyfn,02))]E[xfnxfnH]−λfI=(E[(G′(∑fyfn,02)+yfn,02G′′(∑fyfn,02))]−λf)I
(9)


∂2F(Wf,0)∂(Wf∗)∂(WfH)=E[(yfn,0∗)2G′′(∑fyfn,02))xfnxfnT]≈E[(yfn,0∗)2G′′(∑fyfn,02))]E[xfnxfnT]=0
(10)

where 
G′
denotes the first derivative of G, 
G′′
denotes the first derivative of G, and 
yfn,0=Wf,0xfn
, by substituting Eqs. (8)–(10) into the Eq. (7), we obtain


E[yfn,0∗G′(∑fyfn,02)xfn]−λfWf,0+(E[(G′(∑fyfn,02)+yfn,02G′′(∑fyfn,02))]−λf)(Wf−Wf,0)=0
(11)

so that


Wf=Wf,0+E[yfn,0∗G′(∑fyfn,02)xfn]−λfWf,0E[(G′(∑fyfn,02)+yfn,02G′′(∑fyfn,02))]−λf
(12)

where

λf=E[yfn,02G′(∑fyfn,02)](13)

Substitute Eq. (13) into the Eq. (12), using the reduction of fractions to a common denominator, we can get

Wf=E[(G′(∑fyfn,02)+yfn,02G′′(∑fyfn,02))]λfWf,0−E[yfn,0∗G′(∑fyfn,02)xfn]E[(G′(∑fyfn,02)+yfn,02G′′(∑fyfn,02))]−λf(14)

Then, using the normalization:


Wf=WfWf(Wf)H
(15)

Additionally, by using Newton gradient descent method and Taylor expansion (7)–(11), the convergence behavior is guaranteed. To avoid local optima, we use the identity matrix as the initial unmixing matrix, i.e., 
Wf0=I
. Therefore, the frequency-domain sources are obtained using Eq. (5). Furthermore, the time-domain sources are obtained based on inverse STFT. The proposed method can be called DR-BSS, which is described in Algorithm 1.
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4  Experiments

In the experimental section, the proposed algorithm is applied to speech and music signal separation problems, the convolutive mixing signals used in the experiments are generated in a virtual room with artificial RIRs [36], where the dimensions are 
4.5m×3.5m×2.5m
, when the number of sources is 2 and the number of sensors is also 2, microphone coordinates are [3 1 1.6] and [3 1.5 1.6], respectively. Source locations are [2 0.5 1.6] and [2 1 1.6], respectively. When the number of sources is 3 and the number of sensors is also 3, microphone coordinates are [3 1 1.6], [3 1.5 1.6], and [3 2 1.6], respectively. Source locations are [2 0.5 1.6], [2 1 1.6], and [2 1.5 1.6], respectively. The time-frequency representation is acquired using 2048-point STFT and half overlap between adjacent frames.

4.1 Datasets

The dataset comes from the public development dataset of the 2011 Signal Separation Evaluation Campaign (SISEC 2011) [37]. We select two types of signals for evaluation: speech and music signals. The speech sources used in the following experiments are shown in Table 1, and the music sources are shown in Table 2, respectively.
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4.2 Evaluation Criteria

To evaluate the separation performance, signal-to-interference ratio (SIR) is selected as the evaluation criteria, which is defined as [20]


SIRi=10lg∑ts^i,i2(t)∑t∑i≠ks^i,k2(t)
(16)

The average SIR determines the amount of cross-talk and is an established evaluation technique. The higher the value is, the better the separation performance is. Therefore, the discussion of the separation performance is mainly based on the average SIR in the following experiments.

To show the superiority of the proposed DR-BSS algorithm, the FastICA algorithm [19], PARAFAC-SD algorithm [20], Pro-SPA algorithm [21], and Low-Rank NMF algorithm [22] are used for comparison. These general algorithm models are the same, but the designed methods are different. FastICA is a time-domain algorithm, which combines multichannel spatio-temporal prewhitening with novel adaptive procedures to solve the blind separation of convolutive mixtures. PARAFAC-SD is a frequency-domain technique based on tensor decomposition to perform multichannel convolutive speech mixture BSS. Pro-SPA is a covariance-domain algorithm, which exploits convex geometry for blind separation of quasi-stationary sources. Low-Rank NMF is using IVA and NMF techniques to solve determined convolutive BSS. By comparing the state-of-the-art algorithms, it will show the superiority of the proposed DR-BSS algorithm.

4.3 Source Separation Experiments on Speech Mixing Signals

Due to the experimental environment is affected by multiple mixed factors, including reverberation time, the distance between microphones, the distance between sound sources, the distance between microphones and sound sources, and the number of sound sources and microphones, such that the separation results did not show a certain regularity. In the following experiment, the distance between microphones is fixed at 0.5 m and the distance from the sound source to the microphone is fixed at 1 m.

First of all, we consider the effect of reverberation time RT60 to source separation performance, the number of sources is 2 and the number of sensors is also 2. The reverberation time RT60 varies from 100 to 900 ms. RT60 of a room is defined as the time it takes for sound to decay 60 dB, which reflects the convolution complexity. The locations of sources and sensors in the room are shown in Fig. 1. The separation performance SIR vs. RT60 and different algorithm comparison is shown in Fig. 2. It is seen that SIR results of the proposed algorithm are better than the compared algorithms. Especially in the high reverberation environment, when RT60 varies from 300 to 900 ms, the DR-BSS algorithm improves 2.51, 3.07, 3.17, 3.12, 3.22, 3.57, 3.22 dB compared with the best separation results at present, respectively.
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Figure 1: Locations of sources and sensors (
2×2
) in the room

[image: images]

Figure 2: Source separation performance of speech mixtures (
2×2
): SIR vs. RT60, and different algorithm comparison

In order to visualize the separation results, we compare the separated speech sources with the origin speech source signals. Separation results are shown in Fig. 3, where the impulse response is set as 200 ms shown in Fig. 3a, the mixing signals are seen in Fig. 3b, the origin source signals are seen in Fig. 3c, and the separated source signals are seen in Fig. 3d. Compared the Fig. 3c with the Fig. 3d, it can be seen that the two speech source signals have been separated successfully. The separation results of speech-1 and speech-2 are 9.78 and 6.29 dB, respectively.
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Figure 3: Speech separation: (a) Impulse response (200 ms), (b) Waveforms of the mixing speech signals, (c) Waveforms of the origin speech source signals, (d) Waveforms of the separated speech source signals

Then, we test the convolutive speech mixtures where the number of sources is 3 and the number of sensors is also 3. The reverberation time RT60 varies from 100 to 500 ms, and the locations of sources and sensors in the room are shown in Fig. 4. The source separation performance SIR vs. RT60 and different algorithm comparison is shown in Fig. 5. It can be seen that SIR results gradually decrease with the increase of reverberation time RT60, when the reverberation time exceeds 500 ms, the separation performance is invalid. However, the proposed algorithm always outperforms the compared algorithms. When RT60 varies from 100 to 500 ms, DR-BSS algorithm improves 2.01, 0.47, 0.57, 0.44, 0.21 dB compared with the best separation results at present, respectively.
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Figure 4: Locations of sources and sensors (3 × 3) in the room
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Figure 5: Source separation performance of speech mixtures (
3×3
): SIR vs. RT60, and different algorithm comparison

4.4 Source Separation Experiments on Music Mixing Signals

In the following section, we consider the source separation performance of music mixtures, the convolutive environments are the same as the speech convolutive environments. Firstly, we test the two-music mixtures, experimental results are shown in Fig. 6. It can be seen that the SIR results of the proposed algorithm are superior to the compared algorithms, particularly it is still valid in the high reverberation condition. When RT60 varies from 200 to 900 ms, DR-BSS algorithm improves 3.42, 2.74, 2.39, 2.85, 2.80, 2.42, 2.24, 1.76 dB compared with the best separation results at present, respectively.
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Figure 6: Source separation performance of music mixtures (
2×2
): SIR vs. RT60, and different algorithm comparison

Additionally, we compare the separated music sources with the origin music source signals. Separation results are shown in Fig. 7, where the impulse response is set as 200 ms shown in Fig. 7a, the mixing signals are seen in Fig. 7b, the origin source signals are seen in Fig. 7c, and the separated source signals are seen in Fig. 7d. Compared the Fig. 7c with the Fig. 7d, it can be seen that the two music source signals have been separated successfully. The separation results of music-1 and music-2 are 8.99 and 7.99 dB, respectively.

[image: images]

Figure 7: Music separation: (a) Impulse response (200 ms), (b) Waveforms of the mixing music signals, (c) Waveforms of the origin music source signals, (d) Waveforms of the separated music source signals

Secondly, we test the convolutive music mixtures where the number of sources is 3 and the number of sensors is also 3. The source separation performance SIR vs. RT60 and different algorithm comparison is shown in Fig. 8. It can be seen that the separation performance of the proposed algorithm is valid with the increase of reverberation time RT60. However, the compared algorithms have been invalid in the low reverberation environment except for Low-Rank NMF when RT60 < 300 ms. When RT60 varies from 100 to 500 ms, the DR-BSS algorithm improves 1.01, 3.18, 2.87, 2.76, 3.19 dB compared with the best separation results at present, respectively.
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Figure 8: Source separation performance music mixtures (
3×3
): SIR vs. RT60, and different algorithm comparison

According to above experimental results, the proposed algorithm can be used to separate convolutive speech and music mixing signals in the different reverberate environments. Especially, for the two-channel convolutive mixture situation, the advantage of algorithm is still suitable for a much higher reverberate environment. However, the shortcoming of this algorithm is that the separation performance of the algorithm decreases with the increase of the number of channels and reverberation time. In addition, with more sensors and sources, it brings the complexity of convolutive mixtures, resulting in the gradual decrease of SIR value. Thus, the SIR value decreases with more sensors and sources. In addition, due to the complexity of the real-life environment, the model can not fully describe the actual problem, which leads to inaccurate modeling of the actual problem, thus the design algorithm is limited. To better improve the accuracy of the model, it is necessary to establish an adaptive mathematical model according to specific practical problems.

4.5 Computational Complexity

Firstly, the computational complexity of the algorithms is considered to compare the proposed method with other existing methods. All the experiments are conducted on a computer with Intel(R) Core (TM) i9- 10900 CPU@2.80 GHz, 16.00 GB memory under Windows 10 system and the programs are coded by Mat- lab R2019a installed in a computer workstation. A two-channel convolutive mixed speech signal is tested, where the reverberation time RT60 is selected as 300 ms. The mean test time of the proposed algorithm, FastICA, PARAFAC-SD, Pro-SPA, and Low-Rank NMF for 400 trials are 7.69, 7.75, 7.78, 0.35, 10.10 s respectively. Compared with the computational time, it indicates that the computational complexity of proposed algorithm is better than Low-Rank NMF and weaker than Pro-SPA. However, the proposed algorithm achieves better separation performance than the compared methods.

4.6 Robustness Analysis

In order to test the effect of Gaussian white noise on the source separation performance of the algorithm, Gaussian white noise is added to the two-channel convolutive mixed speech signals. The reverberation time RT60 is selected as 300 ms, and source-to-noise ratio (SNR) varies from 5 to 30 dB. Experiments are performed for 400 trials, the average value is used to analyze the effect of noise on source separation performance. The effect of noise on source separation performance of different algorithms is shown in Fig. 9. It is demonstrated that the SIR results of the proposed algorithm increase gradually with the increase of SNR and are always better than the compared algorithm.

[image: images]

Figure 9: Effect of noise on source separation performance: SIR vs. SNR, and different algorithm comparison

5  Conclusion

In the paper, we proposed a DR-BSS algorithm to separate speech and music mixing signals. By building a new cost function, the novel update rule of demixing matrix was derived using Newton gradient descent method. Then, the frequency-domain source signals were obtained using the updated demixing matrix. By testing the separation performance of speech and music mixing signals, experimental results verify the effectiveness of DR-BSS algorithm. By comparing the state-of-the-art algorithms, the DR-BSS algorithm achieves better superiority and robustness. Thus, the DR-BSS algorithm designed in this paper has better advantages in solving the determined reverberation environment. It can be applied not only to audio signal separation but also to communication signal processing and biological signal processing.

It is worth noting that the mixing matrix of DR-BSS algorithm must be invertible. When the number of sources is less than or equal to the number of sensors, the DR-BSS algorithm is effective. However, when the number of sources is greater than the number of sensors, the mixing matrix is irreversible. It is invalid in the underdetermined mixture case. Therefore, the underdetermined convolutive BSS problem needs to be further studied in future work.
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Table 1: Speech source signals

Signal Data name Source Time Frequeny
Speech 1 devl-female3 src-1 10s 16 kHz
Speech 2 devl-female3 src-2 10s 16 kHz
Speech 3 devl-female3 src-3 10s 16 kHz
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Performance comparison of BSS for speech mixtures (3x3)
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Algorithm 1: DR-BSS algorithm.

Input: Mixing signals;
Output: Separated source signals;
1: Use STFT, and obtain xg;
2: Initialization W? =1
for i = 1:iter do
E[(G(2¥h0) + Y206 (2 ¥20) ) |4 Wro = E|¥oG (S0 )i
Update Wy: W, «— ! ! ! ;
w, ELO(S9h0) 906" (253a) )|
Normalize W;: Wy = — ‘ ‘
i=i+ 1 Wi (W)

until convergence;

end
3: Reconstruct the separated source signals 85, ~ Vi = WrXpm;

4: Via inverse STFT to obtain the time-domain source signals;
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Table 2: Music source signals

Signal Data name Source Time Frequeny
Music 1 dev1-wdrums src-1 11s 16 kHz
Music 2 dev1-wdrums src-2 11s 16 kHz
Music 3 dev1-wdrums src-3 11s 16 kHz
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Performance comparison of BSS for speech mixtures (2x2)
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