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Abstract: In order to improve the performance of microphone array-based sound source localization (SSL), a robust SSL algorithm using convolutional neural network (CNN) is proposed in this paper. The Gammatone sub-band steered response power-phase transform (SRP-PHAT) spatial spectrum is adopted as the localization cue due to its feature correlation of consecutive sub-bands. Since CNN has the “weight sharing” characteristics and the advantage of processing tensor data, it is adopted to extract spatial location information from the localization cues. The Gammatone sub-band SRP-PHAT spatial spectrum are calculated through the microphone signals decomposed in frequency domain by Gammatone filters bank. The proposed algorithm takes a two-dimensional feature matrix which is assembled from Gammatone sub-band SRP-PHAT spatial spectrum within a frame as CNN input. Taking the advantage of powerful modeling capability of CNN, the two-dimensional feature matrices in diverse environments are used together to train the CNN model which reflects mapping regularity between the feature matrix and the azimuth of sound source. The estimated azimuth of the testing signal is predicted through the trained CNN model. Experimental results show the superiority of the proposed algorithm in SSL problem, it achieves significantly improved localization performance and capacity of robustness and generality in various acoustic environments.
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1  Introduction

The aim of microphone array-based sound source localization (SSL) is to determine the location information by applying a series of signal processing on multichannel received signals. It plays an important role in numerous application fields including speech enhancement, speech recognition, human-computer interaction, autonomous robots, smart home monitor system, etc [1–5].

Over the past decades, many microphone array-based SSL approaches have been presented. In generally, the traditional approaches for SSL can be divided into two categories [6]. The first category is the indirect approach, which first computes a set of time difference of arrivals (TDOAs) between microphone pairs, and then estimates the sound source location through TDOAs and geometry of array [7]. The second category is the direct approaches, which achieve the sound source location by searching the extremum value of a cost function, including multiple signal classification (MUSIC) algorithm [8], maximum-likelihood estimators [9], steered response power (SRP) [10] and so on. The steered response power-phase transform (SRP-PHAT) [11] is one of the most popularly used traditional SSL algorithm. In certain acoustic environments, the traditional SSL approaches perform fairly well. However, the approaches suffer from the drawback of lack of robustness to noise and reverberation, resulting in performance deterioration in adverse acoustic environments. Therefore, robust SSL is still a challenging and worth studying task.

With the development of artificial neural network (ANN), the usage of deep learning for SSL task have been proposed in recent years. The usage of deep learning for SSL task can be performed in two ways. The first way is to apply deep learning techniques in traditional methods, while the second way considers SSL problem as a classification task and use deep learning to map the input features to the azimuth. For first way, the related research is as follows. Wang et al. [12,13] adopted deep neural networks (DNN) to predicted the time-frequency (T-F) masking, which is used to weight the traditional method. Pertila et al. [14] predicted the T-F masking by convolutional neural network (CNN) and then estimated the azimuth by SRP-PHAT weighted by T-F masking. Salvati et al. [15] used CNN to predict the weighting factors of incoherent frequency bands, which are used to fuse the narrowband response power to realize SRP beamformer.

The second way of applying deep learning to SSL task has been more widely studied, and a variety of input features types are involved by the approaches, such as inter-aural level difference (ILD), inter-aural phase difference (IPD), cross-correlation function (CCF), generalized cross correlation (GCC) and so on. The related research is as follows. An SSL approach based on CNN with multitask learning has been proposed in [16], in which the IPD and ILD are combined as the input features. DNN was utilized in [17] to map the combination of CCF and ILD to source azimuth. The approach in [18] taken CCF as input feature to train DNN model of each time-frequency (T-F) unit. In [19], CCFs of all sub-bands are arranged into a two dimensional feature matrix to train a CNN model. The methods in [20,21] jointed ILDs and CCF as input features, an SSL algorithm fusing deep and convolutional neural network is presented in [20], and a method based on DNN and cluster analysis is present in [21] to improve the localization performance in the mismatched HRTF condition. The approach in [22] taken GCC as the input feature of multi-layer perceptron (MLP) model. A probabilistic neural network-based SSL algorithm proposed in [23] also taken GCC as the input feature. A CNN-based SSL method has been proposed in [24], in which GCC-PHAT was extracted as the input feature. The approach in [25] taken the cross correlations in different frequency bands on mel scale as input features, and trained the CNN model to estimate the map of sound source direction of arrival. A SSL algorithm using a DNN for phase difference enhancement has been proposed in [26], in which the input feature is the sinusoidal functions of the IPD. A DNN-based SSL method has been proposed in [27], which extracted SRP-PHAT spatial spectrum as input feature. The approaches in [28,29] extracted the phase information of short-time Fourier transform (STFT) from the multichannel signals as the input feature of CNN. The method in [30] extracted the real and imaginary part of the spectrograms as the input features to fed to a DNN model. A SSL approach based on convolutional recurrent neural networks has been proposed in [31], which taken the phase and magnitude component of the spectrogram of microphone signal as the input features. The approach in [32] utilized CNN to learn the mapping regularity between raw microphone signals and the direction without feature extraction.

In this paper, we focus on SSL in far-field and come up with a novel robust SSL approach. As our previous work described in [27], the SRP-PHAT spatial power spectrum of the array signals contains spatial location information robustly. Furthermore, considering the feature correlation of consecutive sub-bands, the Gammatone sub-band SRP-PHAT spatial spectrum is adopted as the localization cue in this paper. The “weight sharing” characteristics of CNN [33–35] make it have greater advantages in processing tensor data compared to traditional DNN, and it is widely employed in various applications of deep learning. Therefore, we introduce CNN to establish the mapping regularity between the input feature and the azimuth of sound source by taking its advantage of the powerful modeling capability. The probability that testing signal belongs to each azimuth is predicted through the trained CNN model, and then the azimuth with maximum probability is taken as the estimated azimuth. Experimental results demonstrate that the proposed algorithm improves the localization performance significantly and has capacity of robustness and generality in various acoustic environments.

The rest of the paper is organized as follows. Section 2 illustrates the proposed SSL algorithm based on CNN, which include system overview, feature extraction, the architecture of CNN and the training of CNN. The simulation results and analysis are presented in Section 3. The conclusions follow in Section 4.

2  Sound Source Localization Algorithm Using CNN

2.1 System Overview

The proposed algorithm treats the sound source localization problem as a multi-classification task, and constructs the mapping regularity between spatial feature matrix and the azimuth of sound source through CNN model. Fig. 1 illustrates the overall architecture of the proposed SSL system. The CNN-based microphone array SSL system includes two phases, the training phase and the localization phase. The signals received by microphone array are used as the system input. The Gammatone sub-band SRP-PHAT spatial spectrum are calculated through the microphone signals decomposed in frequency domain by Gammatone filters bank, and assembled into a spatial feature matrix as CNN input. In the training phase, a CNN model which reflects mapping regularity between the spatial feature matrix and the azimuth of sound source is learned. To enhance the robustness and generalization ability of CNN model, signals in diverse reverberation and noise environments are taken together as training data. In the localization phase, the probability that testing signal belongs to each azimuth is predicted through the trained CNN model, and the azimuth with maximum probability is taken as the estimated azimuth.
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Figure 1: Overall architecture of the proposed SSL system based on microphone array

2.2 Feature Extraction

The physical model for signal received by mth microphone in indoor scenarios can be formulated

xm(t)=hm(rs,t)∗s(t)+vm(t),m=1,2,…,M
(1)

where s(t) denotes the clean sound source signal, hm(rs, t) represents the room impulse response from the source position rs to the mth microphone, “*” denotes the linear convolution, vm(t) is additive noise for the mth microphone, and M is the number of microphones. The room impulse response hm(rs, t) is related to the source position, microphone position, and acoustic environment.

As our previous work described in [27], the SRP-PHAT spatial power spectrum of the array signals contains spatial location information, and it is dependent of the room impulse response and is independent of the content of the sound source signal in theory. The SRP-PHAT function of microphone array signals is expressed as:

P(r)=∑m=1M∑n=m+1M∫−∞∞Xm(ω)Xn∗(ω)|Xm(ω)Xn∗(ω)|ejωΔτmn(r)dω
(2)

where P(r) represents the response power when the array is steered to the position r, Δτmn(r) is the propagation delay difference from the steering position r to the mth microphone and the nth microphone, Δmn(r) is only related to the azimuth of the steering position r in the far-filed case, Xm(ω) is the Fourier transforms of xm(t). From Eq. (2), we note that the phase information of the microphone array signals is exploited through SRP-PHAT function.

Gammatone filter bank, which has different central frequencies and bandwidths, is used to simulate the time-frequency analysis to acoustic signals by human auditory system. The impulse response of the ith Gammatone filter is defined as:

gi(t)=ctn−1e−2πbitcos⁡(2πfit+φ),t>0
(3)

where c denotes the gain coefficient, n denotes the filter order, bi denotes the decay coefficient, fi denotes the central frequency of the ith filter, and φ denotes the phase. The frequency response of the Gammatone filter bank is depicted in Fig. 2.
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Figure 2: Frequency response of the Gammatone filter bank

The feature parameter extracted from the array signals is the basis of sound source localization. Considering the spatial location information contained in the SRP-PHAT spatial spectrum and the time-frequency analysis capability of the Gammatone filter, the SRP-PHAT spatial spectrum in each band of Gammatone filter bank is exploited as the feature for sound source localization in this paper.

The microphone signals are decomposed into consecutive sub-bands in frequency domain by Gammatone filters bank. The central frequencies of Gammatone filters ranges from 100 to 8000 Hz on the equivalent rectangular bandwidth (ERB). The SRP-PHAT function of a Gammatone sub-band is defined as:

Pi(r)=∑m=1M∑n=m+1M∫−∞∞Gi(ω)Xm(ω)Xn∗(ω)|Xm(ω)Xn∗(ω)|ejωΔτmn(r)dω
(4)

where Pi(r) denotes the SRP-PHAT function of ith Gammatone sub-band, and Gi(ω) is the Fourier transforms of gi(t). We note that Eq. (4) of calculating Gammatone sub-band SRP-PHAT function is equivalent to weighting frequency components in Eq. (2) by Gammatone multichannel bandpass filter.

The microphone signals are divided into 32 ms frame length without frame shift. Then the sub-band SRP is calculated by Eq. (4). Afterwards, all Gammatone sub-band SRPs within a frame are arranged into a matrix, which can be expressed as follows:

P(k)=[P1(k,r1)P1(k,r2)…P1(k,rL)P2(k,r1)P2(k,r2)…P2(k,rL)⋮⋮⋱⋮PI(k,r1)PI(k,r2)…PI(k,rL)]
(5)

where P(k) is the feature matrix of kth frame, and Pi(rl, k) is the ith Gammatone sub-band SRP-PHAT at rl in kth frame which is calculated by Eq. (4), I is the channel number of Gammatone filter, L is the number of steering positions. In this paper, the channel number of Gammatone filter is 32. In the far-filed case, the argument rl is simplified to the azimuth with a distance of 1.5 m from the steering position to the microphone array, and the azimuth ranges from 0° to 360° with a step of 5°, corresponding to 72 steering positions. Thus the dimension of SRP-PHAT feature matrix is 32 ×
72.

2.3 The Architecture of CNN

CNN is introduce to train a set of SRP-PHAT feature matrices constructed in Section 2.2. To improve the robustness and generality of model, training signals with known azimuth information in diverse environments are used together to train the CNN model. The training azimuth ranges from 0° to 360° with a step of 10°, corresponding to 36 training positions.

As depicted in Fig. 3, the CNN architecture of our algorithm includes one input layer, three convolutional-pooling layers, a fully connected layer, and an output layer. The data of input layer is the feature matrix P(k) of size 36 × 72 which is described in Section 2.2. For the three convolutional layers, the size of convolution kernel is 3 × 3, the stride is 1, and the number of convolution kernels is 24, 48, and 96 respectively. In order to ensure the same size of input and output feature, the output of 2D convolution is zero-filled. Rectified Linear Unit (ReLU) activation function is performed after each 2D convolution operation. For each of pooling layers, the maximum pooling operation of size 2 × 2 with stride of 2 is adopted. After three convolution-pooling operations, the two-dimensional feature matrix with size of 36 × 72 becomes a three-dimensional feature data with size of 5 × 9 × 96. The fully connected layer is followed the last convolutional-pooling layer. We have introduced the Dropout method to avoid overfitting. For the output layer, the softmax regression model is utilized to convert the feature data to the probability that array signal belongs to each azimuth. The azimuth with maximum probability is taken as the estimated source azimuth.
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Figure 3: The CNN architecture of the proposed algorithm

2.4 The Training of CNN

The training of CNN includes forward propagation process and back propagation process. Forward propagation is the process of transferring features layer by layer. In the forward propagation process, the output of network under the current model parameters is calculated for the input signal. The output of the dth convolutional layer is expressed as follows:

Sd=ReLU(Sd−1∗Wd+bd)
(6)

where Sd denotes the output of the dth layer, “*” denotes the convolution operator, Wd denotes the weight of the convolution kernel in dth layer, bd denotes the bias of the dth layer, and ReLU is the activation function. In order to improve the stability of the network, the batch normalization (BN) operation is performed before the activation operation of the ReLU function in our method.

The output of the dth pooling layer is expressed as follows:

Sd=maxpool(Sd−1)
(7)

The expression of the output layer is as follows:

SD=Softmax((WD)TSD−1+bD)
(8)

where D represents the output layer, WD and bD denote the weight and bias of the fully connected layer respectively, SD is a vector with size of J, and J is the number of class labels, J = 36 in this paper.

The cross-entropy loss function E(W, b) is minimized in the back propagation process as follows:

E(W,b)=−∑j=1JzjDlog⁡(SjD)=−∑j=1JzjDlog⁡((Softmax((WD)TSD−1+bD))j)
(9)

where the subscript j represents the jth training azimuth position, SjD
is the jth element of SD, zjD
and SjD
represent the expected output and actual output of the output layer at the jth training position respectively.

The stochastic gradient descent with momentum (SGDM) algorithm is adopted to minimize the loss function. The momentum is set to 0.9, the L2 regularization coefficient is set to 0.0001, the mini-batch is set to 200, and the initial learning rate is set to 0.01. The learning rate is reduced by 0.2 times every 6 epochs.

Over-fitting often occurs during the construction of complex network models. Cross Validation and DropOut are utilized to prevent over-fitting in the training phase. The training data is divided into training set and validation set randomly according to the ratio of 7:3 for cross validation. The DropOut method is introduced in the fully connected layer, and the Dropout ratio is set to 0.5.

3  Simulation and Result Analysis

3.1 Simulation Setup

Simulation experiments are conducted to evaluate the performance of the proposed algorithm. The dimensions of the simulated room are given as 7 m × 7 m × 3 m. A uniform circular array with a radius of 10 cm is located at (3.5 m, 3.5 m, 1.6 m) in the room. The array consists of six omnidirectional microphones. The clean speech sampled at 16 kHz which are taken randomly from the TIMIT database are adopted as the sound source signals. The Image method [36] is used to generate the room impulse response between any two points. The microphone signal is derived by convolving the clean speech with the room impulse response and then adding scaled Gaussian white noise. The microphone signals are segmented into 32-ms frame length without frameshift and windowed by Hamming window. Voice activity detection is performed before sound source localization.

The source is placed in the far-field, and the azimuth ranges from 0° to 360°with a step of 10°, corresponding to 36 training positions. During the training phase, the SNR is varied from 0 to 20 dB with a step of 5 dB, and the reverberation time T60 is set to two levels as 0.5 and 0.8 s. The microphone array signals in different reverberation and noise environments are taken together as training data to enhance the generalization ability of the CNN model.

The localization performance is measured by the percentage of correct estimates, which is defined as follows:

p=nc/Nall
(10)

where Nall is the total number of testing frames, nc is the number of correct estimate frames, and the correct estimate is defined that the estimated azimuth is equal to the true azimuth. The performance of the proposed algorithm is compared with two related algorithms, namely the SRP-PHAT [11] and SSL based on deep neural network (SSL-DNN) [27].

3.2 Evaluation in Trained Environments

In this section, the localization performance is investigated and analyzed in the situation that the test signals are generated in the same setting as the training signals. Fig. 4 depicts the localization performance as a function of SNR for SRP-PHAT, SSL-DNN and the proposed algorithm under various reverberation environments.

From Fig. 4, it can be seen that the performance of SRP-PHAT deteriorates significantly as the SNR decreases and the reverberation time increases, and the proposed algorithm is superior to the SRP-PHAT method significantly. The reason is that the proposed algorithm exploits the Gammatone sub-band SRP-PHATs as the feature matrix which consider the feature correlation of consecutive sub-bands, and meanwhile the DNN model can extract efficient spatial location information from them. Furthermore, at the same reverberation time, the performance improvement of the proposed algorithm compared with SRP-PHAT method is greatest at moderate SNR (10 dB); for high SNR (above 10 dB), the performance improvement increase gradually as the SNR decreases; for low SNR (below 10 dB), the performance improvement increases gradually as the SNR increases. For example, in the T60 = 0.8 s scenario, the performance improvement increases from 21.25% to 28.23% as the SNR increases from 0 to 10 dB, and it decreases from 28.23% to 25.09% as the SNR increases from 10 to 20 dB. In addition, the performance improvement of the proposed algorithm compared with the SRP-PHAT method is more significant at higher reverberation time in the same SNR scenario. For example, when SNR = 20 dB, the performance is increased by 17.49% and 25.09% respectively with T60 = 0.5 s and T60 = 0.8 s.

From Fig. 4, it can also be seen that the proposed algorithm outperforms the SSL-DNN method in most environments, and the performance improvement is more significant at higher reverberation time. In addition, at the same reverberation time, the performance improvement of the proposed algorithm compared with the SSL-DNN method increase gradually as the SNR increases. For example, in the T60 = 0.8 s scenario, the improvement of the percentage of correct estimates of the proposed algorithm compared with the SSL-DNN algorithm increases from 1.07% to 9.34% as the SNR increases from 0 to 20 dB. In the low SNR and moderate reverberation environments, the percentage of correct estimates of the proposed method is close to or slightly lower than that of the SSL-DNN method.
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Figure 4: Performance comparison of different algorithms in trained environments. (a) Percentage of correct estimates with T60 = 0.5 s (b) Percentage of correct estimates with T60 = 0.8 s

3.3 Evaluation in Untrained Environments

In this section, we investigate the robustness and generality of the proposed algorithm in untrained environment. For the testing signals, the untrained SNR is varied from −2 to 18 dB with a step of 5 dB, and the untrained reverberation time T60 is set to two levels as 0.6 and 0.9 s. Figs. 5 and 6 depict the performance comparison of different algorithms under untrained noise and untrained reverberation environments, respectively.

As shown in Figs. 5 and 6, we have found that the regularity of data variation in untrained environment are consistent with those described in Section 3.2, which reflects that the proposed algorithm is the robustness and generality to untrained noise and reverberation. Specifically, compared with SRP-PHAT method, the percentage of correct estimates is increased about 18% to 30% by the proposed method in diverse environments. Compared with SSL-DNN method, in low SNR and moderate reverberation environments, the proposed method and SSL-DNN method have similar localization performance; in other scenario, the percentage of correct estimates is increased about 5% to 10% by the proposed method.
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Figure 5: Performance comparison of different algorithms in untrained noise environments. (a) Percentage of correct estimates with T60 = 0.5 s (b) Percentage of correct estimates with T60 = 0.8 s

[image: images]

Figure 6: Performance comparison of different algorithms in untrained reverberation environments. (a) Percentage of correct estimates with T60 = 0.6 s (b) Percentage of correct estimates with T60 = 0.9 s

4  Conclusion

In this work, a robust SSL algorithm using convolutional neural network based on microphone array has been presented. Considering the feature correlation of consecutive sub-bands, the sub-band SRP-PHAT spatial spectrum based on Gammatone filter bank is exploited as the feature for sound source localization in the proposed algorithm. CNN is adopted to establish the mapping relationship between the spatial feature matrix and the azimuth of sound source due to its advantage on processing tensor data. Experimental results show that the proposed algorithm provides better localization performance in both the trained and untrained environments, especially in high reverberation environments, and achieves superior capacity of robustness and generality.
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