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Abstract - For generalized sidelobe canceller (GSC)-based 

multi-channel speech enhancement, reference noise 

generation is essential to reduce remaining noises after 

fixed beamforming. However, the target signal leakage in 

the blocking matrix of GSC is inevitable. Thus, in this 

paper, near-channel subtraction scheme is proposed to 

improve the blocking matrix of the GSC tightly related 

with the reference noise. The performance of the proposed 

algorithm is compared with that of the conventional 

reference channel subtraction algorithm in the aspect of 

speech recognition rates and output SNR gains.  

Keywords - beamforming, microphone array, speech 

enhancement,  generalized sidelobe canceller.  

1. Introduction 

 Among various human-machine interface ways, it is 

needless to say that speech has the potential that can 

provide the greatest convenience. For the speech interface 

of intelligent robots, speech recognition and synthesis 

technologies are very important. Between them, speech 

recognition performance is very sensitive to 

environmental noises and the distance from the speaker 

and the receiving microphones installed on the robot. 

Target speech-corrupting noises can be categorized by 

stationary and nonstationary ones. While stationary noises 

such as PC-fan noises and air conditioner noises can rather 

successfully reduced by Wiener or Kalman filtering with a 

noisy robust endpoint detector [1], nonstationary noises 

such as TV sounds, music sounds, human voices, etc. are 

not that easy to remove. To cope with these kinds of noises, 

beamforming and blind signal separation (BSS) 

techniques with microphone array have been studied. 

Originally, the BSS is applied to estimate original 

source signals using only the information of the mixed 

signals observed in each input channel. Among various 

BSS algorithms, ICA-based ones have been popularly 

used [2].In the ICA-based BSS algorithms, it is assumed 

that the original unmixed signals are independent mutually. 

They estimate the inverse of the mixing matrix by 

maximizing mutual information among the estimated 

unmixed signals. To operate the ICA-based BSS on-line, 

usually long buffering of signals are required. This causes 

inevitable long time delay. Another fundamental weak 

point is that, to run the BSS stably, the number of the 

sensors should be greater than that of the sources to be 

separated although the number of sensors we can install 

are always limited. 

The major difference between the BSS and the 

beamforming is that the beamforming algorithms should 

utilize the direction of the target signal source. Because of 

this working constraint, beamforming shows the better 

performance than BSS in real noisy environment. There 

are two kinds of beamforming method. One is linearly 

constrained minimum variance (LCMV) and the other is 

GSC. In LCMV, the output power of the beamformer is 

minimized under the assumption that the frequency 

response to the look direction, that is, frontal direction of 

the microphone array should not be distorted [3]. Due to 

the constraint, LCMV-based beamformers show a slow 

convergence speed which lead to insufficient noise 

reduction. In GSC, it consists of the fixed beamformer 

(FBF), the blocking matrix (BM) and the multiple input 

canceller (MIC), and is considered the most practical 

beamforming algorithm because of its simplicity and 

effectiveness. The overall performance of GSC algorithms 

is mostly affected by target signal detection for noise 

cancellation and by target signal leakage in BM. Thus, in 

this paper, our research is focused on the improvement of 

the BM of GSC by applying near channel subtraction.  

In section 2, overall operation of GSC-based 

beamforming is explained. In section 3, proposed near 

channel blocking matrix is described in detail. 

Experimental results and conclusions are followed in 

section 4 and 5, respectively. 

2. Paper Format 

Figure 1 shows the overall structure of the GSC-based 

beamforming [4].  In Fig. 1, n and M is the time index and 

the number of microphones, respectively. xi(n), i , and wi
are the input signal, the time delay adjustment, and the 

gain adjustment for ith input channel. vi(n) and Fi(z) is the 

output of the BM and the Z-transform of the adaptive filter 

in the MIC. yFBF(n) and yGSC(n) are the outputs of the FBF 

and the GSC. The detailed explanations of each major 

block in GSC are as follows. 
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Fig. 1.  Overall structure of the GSC beamforming 

2.1 Fixed Beamformer 

In the FBF of GSC, which is a kind of data-independent 

beamformers, it maximizes the power to the direction of 

the target sound source under the assumption that its 

direction is known. Using this information, time delays 

and microphone gains are adjusted.  

2.2 Blocking Matrix 

The role of the BM is to produce noise reference signal 

which is correlated with the noise remaining in yFBF(n).

Conventional GSC-based beamformers generate the signal 

by subtracting each fixed beamformer output by its 

predetermined reference output, which is usually the first 

output. Then, in-phase target signal should be perfectly 

removed in the BM output theoretically. However, in real 

noisy environments, mismatch in microphones and 

various echo conditions are inevitable and perfect target 

signal blocking is almost impossible. 

2.3 Multiple Input Canceller 

The MIC of GSC reduces noises contained in yFBF(n) by 

noise reference signals from BM and adaptive filters. The 

filter update rule by the normalized least-mean square 

(NLMS) is given in Eq. (1) [4]. 
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where,  is the learning rate to control the filter 

convergence speed. Because of the similarity of the 

frequency distribution between real non-stationary noises 

and the target speech and the imperfectness of the BM 

described in section 2.2, the wrong adaptation can happen 

during target speech intervals and distort target speech 

after noise reduction. To prevent this disadvantage, 

adaptation mode control (AMC) is applied to detect the 

target speech interval and to stop the filter adaptation 

taking a small noise reduction [4]. 

3. Proposed Blocking Matrix 

Conventional BMs estimate the noise reference signal 

by predetermining the reference channel and subtracting 

remaining channel inputs after the fixed beamforming. 

However, target signal blocking is almost impossible 

although the time delays and the gains are adjusted. This  
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Fig. 2. Structure of the proposed blocking matrix 

leads to the attenuation of target speech signal even if the 

operation of AMC is perfect. As shown in Fig. 1, the 

further the distance between the reference and an input 

channel, the larger the target signal leakage in the output 

of BM. Figure 2 shows the proposed BM for 4 channel 

inputs. The proposed BM basically subtracts two channels 

which are geometrically closest. By doing so, target signal 

leakage from the distance between channels can be 

significantly mitigated. In addition, acoustic transfer 

functions (ATFs) are utilized to improve the performance 

of FBF and the BM. The role of the ATFs in FBF is to 

compensate for the channel frequency responses and to 

maximize the output power of the FBF. On the other hand, 

the ATFs in BM, that is, BM_ATFs in Fig. 2, reduce the 

mismatch between adjacent channels. To estimate the 

optimal ATFs, rather long target speech in noiseless 

condition is uttered and the cost function given in Eq. (2) is 

optimized. 
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where, Ri
(t)(k) is the kth DFT response of the ith channel for 

the tth target interval after the time delay adjustment of the 

input multi-channel signals. T is the number of target 

speech for ATF estimation. Then, we obtain Eq. (3) as the 

result. 
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where, (·)* is the complex conjugation operator. Similarly, 

equation (4) can be obtained for the ATFs for BM in Fig. 

2.
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the ith pairwise channels from the ATF outputs of the FBF.

4. Experimental Results 

4.1 Experimental Conditions 

To evaluate the performance, a frequency domain GSC 

algorithm was implemented as the baseline [4].  Four 

microphones circularly placed with 9 cm radius were 

utilized. To run the baseline GSC, 512-FFT for every 10 

ms interval was performed. In BM of the baseline GSC, 

the 1st channel was selected as the reference and simple 

subtraction was performed. To implement the AMC, 

normalized cross-correlation between a pair of channels 

was measured [4]. If the value is greater than 0.6, filter 

adaptation in MIC is stopped. The filter learning rate in Eq. 

(1) was 0.1. As performance measures, recognition rates 

and output SNRs were used. To construct the large-scale 

multi-channel data, target speech and noises were 

artificially added. All data were recorded with 16 bit 

resolution and 16 kHz sampling rate. The distance 

between the recording devices and each sound source was 

2 m and the angle between target speech and noise source 

was 45°. A 10-second long sentence was uttered to 

estimate the ATFs in (3) and (4). 

4.2 Performance Evaluation 

To evaluate the speech recognition performance, 20 

spoken commands for robot control were selected and 

hidden Markov model (HMM)-based recognition system 

was utilized [5]. Input SNRs were varied from 0 to 20 dB 

and 1240 utterances were recorded by 30 speakers for each 

input SNR. The considered noise signals were talkshow 

and music. In order to measure output SNRs, average 

power in target intervals were divided by that in noise 

intervals after noise reduction.  Endpoints of target speech 

signals were manually marked. 

4.3 Results 

Figure 3 and 4 shows the speech recognition rates 

according to the input SNRs. As shown in Fig. 3 and 4, the 

GSC with the proposed BM outperforms baseline GSC for 

all input SNRs. The average improvement is 5.4 % for 

music noise and 7.7 % for talkshow noise. Similarly, the 

proposed algorithm shows the best performance in the 

aspect of the output SNR. At 5 dB input SNR, the 

proposed GSC shows 8.7 dB and 7.9 dB for music and 

talkshow noises, respectively, which are 0.4 dB and 1.4 dB 

improvement of the performance of the baseline GSC. 

5. Conclusions 

In this paper, an algorithm to improve the BM of GSC 

is proposed by using adjacent microphones. For 

performance evaluation, speech recognition rates and 

output SNRs were measured and showed that the proposed 

algorithm consistently improved the performance of the 

baseline GSC regardless of the considered noises. As a 

future work, we are planning to construct HMMs that 

reflect signal characteristics of the beamforming output to 
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Fig. 3.  Speech recognition performance for music noise 
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Fig. 4.  Speech recognition performance for talkshow 

noise 

obtain a higher recognition performance. 
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