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Abstract— In this paper, a novel method is presented for 

estimating the number of speakers based on the microphone 
arrays. Firstly, a 3D snowflake nested microphone array (SNMA) 
is proposed for recording the speech signals. In the following, the 
steered response power (SRP) algorithm is implemented on 
subbands in limited spaces conditions for all microphone pairs 
related to the subarrays. Therefore, a weighted averaging 
method is implemented on subband limited spaces SRPs (LSRP), 
and the final energy map is compared with the histogram of the 
maximums of the SRP function on different subbands for various 
time frames. The passed candidate points are categorized by 
unsupervised K-means clustering and the number of speakers is 
estimated by the silhouette criteria. The accuracy of the proposed 
method is compared with PENS, i-vector PLDA, and wavelet-
GEVD algorithms. The results show the superiority of the 

proposed method in comparison with other previous research.  

Keywords— Speakers counting, nested microphone array, 
subband processing, classification, filtering. 

I. INTRODUCTION

Knowing the number of speakers is one of the 
requirements in such multisensory data processing systems as 
direction of arrival (DOA) estimation [1], sound source 
localization [2], speaker tracking [3], etc. Noise, reverberation, 
and spatial aliasing are the most well-known undesirable 
factors to decrease the accuracy of speakers counting 
algorithms. Therefore, the use of microphone array is an 
appropriate solution for increasing the performance of 
speakers counting algorithms. 

In the recent years, various speakers counting methods 
have been proposed, where their main weakness is low 
accuracy in the high number of speakers and undesirable 
environmental situations. A group of methods are based on the 
eigenvalue calculation of covariance matrix from 
recorded  

data of the microphone arrays [4]. These methods work 
properly for up to 3 simultaneous speakers but the accuracy is 
decreased in the high number of speakers condition.  

Mati and Thomas proposed the minimum description 
length (MDL) method for estimating the number of speakers 
[5]. Kumara et al. proposed a speakers counting method by the 
use of two-microphone structure [6]. For a specific speaker, 
the relative distance of certain excitation in vocal track is 
unchangeable for the recorded speech signal in two-
microphone structures. Therefore, the time delays, in other 
words the number of speakers, are calculated according to the 
cross-correlation for the Hilbert envelop from linear 
estimation residual in the recorded signals. Ignacio et al. 
presented a speakers counting method based on the i-vector 
probabilistic linear discriminant analysis (PLDA) in 
diarization applications [7]. Firstly, the i-vectors are calculated 
for the segments of the recorded speech. In the following, 
these values are classified by the use of fully Bayesian PLDA 
algorithm. The number of speakers are counted based on the 
comparison between some hypothesis according to the 
differences of such information criteria. Halim and Siham 
proposed an estimating the number of speakers method 
according to the statistical calculation of the 7th Mel 
coefficients form speech spectrum components [8]. In our 
previous work, we proposed a speakers counting method 
based on a circular microphone array in combination with 
adaptive generalized eigenvalue decomposition (GEVD) 
algorithm [9].  

In this paper, a novel method for speakers counting is 
proposed by the use of microphone array in undesirable 
environmental conditions. The spatial aliasing is one of the 
disadvantages in the use of microphone arrays. Firstly, we 
propose a 3D snowflake nested microphone array (SNMA) 
with the best inter-microphone distances for eliminating the 
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spatial aliasing and preparing better spectral components of 
microphone signals. In the following, the obtained speech 
signals of the microphone pairs related to each subband enter 
to the limited space subband SRP (LSRP) function. The 
computational complexity of the SRP method is decreased by 
the use of limited space area. Then, the outputs of the LSRP 
algorithm is weighted according to the SRP's maximums and 
the subband order. In addition, the LSRP algorithm is 
implemented repeatedly on each subband for preparing the 
histograms of the peak positions of the proposed function. The 
histograms are compared with weighted LSRP energy map, 
and the peaks with less distance of a threshold are selected and 
the rest values are denied. The selected peaks are categorized 
by the K-means clustering and the number of speakers is 
estimated by the silhouette criteria.  

Section 2 shows the microphone signal model. Section 3 
introduces the 3D SNMA for the speech data. In addition, the 
proposed LSRP algorithm in combination with K-means 
clustering and silhouette criteria are explained in this part. 
Section 4 shows the results of the evaluations and simulations. 
Some conclusions are included in section 5. 

II. THE MICROPHONE SIGNAL MODEL FOR THE NESTED ARRAY 

The real model for microphone signals is designed to 
consider the reflective effects in the environments as 
following: 
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where qs is the speech signal in q-th source, mqh is the room 

impulse response between q-th source and m-th microphone, 

mn is the additive white Gaussian noise in m-th microphone, N 

is the number of speakers, M is the number of microphones, 
and D is the impulse response length.  

III. THE PROPOSED NESTED ARRAY AND SPEAKERS COUNTING 

ALGORITHM 

In this section, the proposed 3D NMA is proposed as a 
proper array for eliminating the spatial aliasing. In the 
following, the proposed speakers counting method is presented 
based on the LSRP algorithm, weighted averaging on energy 
maps, and K-means clustering with silhouette criteria. Fig. 1 
shows the diagram of the proposed speakers counting method. 

 

Fig. 1. The diagram of the proposed speakers counting methodof 3D SNMA. 

A. The proposed 3D snowflake nested microphone array 

The microphone array increases the accuracy of the speech 
processing algorithms due to preparing the more information. 
But the spatial aliasing according to the inter-microphone 
distances decreases the precision of the algorithms in the same 
time. Therefore, the nested microphone array were proposed 
for eliminating the spatial aliasing. We propose a 3D SNMA, 
which is implemented in combination with suggested method 
for estimating the number of speakers. Fig. 2 shows the 
proposed SNMA in the speaker counting applications. 

  

Fig. 2. The proposed snowflake nested microphone array for speakers 
counting application (Microphone 1 is in the z plane). 

In this paper, the speech signal in frequency range [0-
7800]Hz is selected in telephony applications with sampling 

frequency 16000HzsF = . The proposed SNMA is structured of 

4 sub-arrays. The first sub-array is designed to cover the 
frequency range B1=[3900-7800]Hz. The relation between 
inter-microphone distance (d) and the wavelength for the 

maximum frequency component ( λ ) is 2d λ≤ to avoid the 

spatial aliasing. Therefore, the inter-microphone distance for 

the first sub-array is 1 2.2d cm≤ and the central frequency for 

analysis filter is selected as 1 5850Hz.cF = The second sub-array 

covers the frequency range B2=[1950-3900]Hz, where the 
inter-microphone distance and the central frequency are 

selected as 2 4.4d cm≤ and 2 2925Hz,cF = respectively. The third 

sub-array is structured for the frequency range B3=[975-
1950]Hz for avoiding the spatial aliasing. Therefore, the inter-

microphone distance is 3 8.8d cm≤ and the central frequency is 

selected as 3 1462.5Hz.cF = Finally, the forth sub-array is 

designed for the frequency range B4=[0-975]Hz with the 

inter-microphone distance 4 17.6d cm≤ and the central 

frequency 4 487.5Hz.cF = The spatial aliasing is eliminated 

completely by the use of designed SNMA. Fig. 3 shows the 
four sub-arrays related to the proposed SNMA. 

The physical 3D array in the real environment is 

implemented by considering 1 2.2 ,d cm≤  2 4.4 ,d cm≤  

3 8.8 ,d cm≤  and 4 16.9 ,d cm≤ based on the available spaces in 

the environment. The analysis filter bank is required for 
avoiding the spatial aliasing and preparing the proper 
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frequency range for each sub-array. A multirate sampling with 
down samplers are selected to design this analysis filter bank. 

 
Fig. 3. Four designed sub-arrays for the proposed 3D snowflake nested 
microphone array. 

B. The proposed LSRP algorithm for speakers counting 

The proposed method for speakers counting is based on the 
source localization verification of the estimations according to 
a decision criteria, weighting of the information in different 
subbands, and the final classification for estimating the 
number of speakers.  

If the microphone signal in Eq. (1) is considered for 

subband i (i=1,...,4) as ( ), ,m ix t the output of the filter-and-sum 

beamformer (FSB) is defined as: 
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where 1... M
∆ ∆ are iM (the number of microphones is subband i) 

steered delays, ( ) ( )1 ,....,
iMX Xω ω are the Fourier transforms of 

the microphone signals and ( ) ( )1 ,....,
iMH Hω ω are the Fourier 

transforms of filters for the i-th subband. We select a limited 
space (LS) area in the Z axis instead of considering whole 3D 
space to decrease the computational complexity of the 
proposed method. The steered response power for limited 
space area in each subband is defined as [10]: 
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where ( )1, ...
ii MY ω ∆ ∆ is the output of FSB in frequency domain 

for i-th subband and ( )1, ...
ii MY ω′ ∆ ∆ is its complex conjugate. 

The limited space SRP function for i-th subband is calculated 
by the combination of Eqs. (2) and (5) as: 
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The phase transform (PHAT) filter is a proper weighting 
function in reverberant conditions for the speech signals. This 
function decreases the effect of reverberation by whitening the 
speech spectrum components, where its combination with 
subband LSRP is defined as: 
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The peak positions in the LSRP function for each subband 
are related to the source locations, which can be considered as 
the number of speakers but it is not trustable because of noisy 
and reverberant conditions, where in following we propose 
some processes to improve its performance. Since the spectral 
components of various subbands are selected for the process, 
the weighted averaging is able to decrease the effect of 
undesirable environmental factors. In addition, the weighting 
increases the effect of low frequency components of the 
speech signal, which includes more information. Therefore, 
the weights are defined as: 
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where 1S  is the largest peak position in subband LSRP 

function, R is the number of microphone pairs in each sub-
array (R=8 for the proposed SNMA), and I is the number of 

subbands (I=4). Vector jS and weighted averaging of subband 

LSRP function are defined as: 
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This weighted averaging is implemented in just one frame. 
In addition, the subband LSRP(PHAT) function is calculated 
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for various time frames and all subbands for preparing the 
histogram of the first R peaks as: 
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The histogram's peak positions with less than e cm (e=10 
cm in this paper) in comparison with peaks positions of the 
subband LSRP(PHAT) function are selected and they enter to 
the classification unit. The other peaks with distance bigger 
than e value are denied. 
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In the following, the vector ,A which includes the enhanced 

peaks of all subbands enters to the K-means clustering with 
silhouette criteria for estimating the number of speakers. Since 
K-means is an unsupervised clustering method, the cost 
function is defined as: 

2
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where
2

( )h
c hA C− is the Euclidean distance between 

data ( )h
cA and centroid hC in each cluster. Finally, the silhouette 

criteria is implemented as a method to find the best number of 
clusters, where in this paper is the number of speakers [11]. 

IV. SIMULATION AND RESULTS 

The proposed SNMA-LSRP algorithm for speakers 
counting is evaluated on various environmental conditions. The 
TIMIT dataset is selected for implementing the algorithms on 
simulated data [12]. The evaluations are implemented in the 
scenarios up to five simultaneous speakers for covering a wide 
range of real situations. Two males and three females speech 
signals are selected for the simulations. The simulations are 
implemented in a room with dimension (350,250, 230) cm, 
where the first to fifth speakers are located at S1=(85,218,175) 
cm, S2=(107,115,165) cm, S3=(90,46,161) cm, 
S4=(302,215,182) cm, and S5=(325,44,179) cm, respectively. 
Fig. 4 shows a view of the simulated room with the positions of 
SNMA and speakers. 

A Hamming window with 50% overlap is selected for the 
simulations to prepare the best efficiency of the speech signal. 
The Image algorithm is selected for simulating the 
reverberation effects in the indoor environments [13]. In the 
first step, the proposed algorithm is implemented on three 
different scenarios and for up to five simultaneous speakers. 
The first scenario is called the reverberant conditions, where 
the effect of the reverberation is dominant in front of the noise 

with 60 650 msRT = and SNR=20 dB. The second scenario is 

noisy environment by SNR=5 dB and 60 250 msRT = where the 

noise is dominant. The last scenario is named noisy-reverberant 
condition, where both factors highly affect the speech signal as 

SNR=5 dB and 60 650 msRT = The proposed SNMA-LSRP 

algorithm is compared with PENS [8], i-vector PLDA [7], and 
wavelet-GEVD [9] methods in different scenarios. 

 

Fig. 4. A view of the simulated room with the speakers and SNMA. 

Fig. 5 shows the results for noisy and reverberant 
environments from two to five simultaneous speakers. As 
seen, all methods have similar results in range 95-98% correct 
estimating for two simultaneous speakers. But the proposed 
method is more accurate for three, four and five simultaneous 
speakers in comparison with other previous works specially in 
five overlapped speech, where the proposed method provides 
79% correct estimating the number of speakers in comparison 
with 54% in PENS, 55% in i-vector PLDA, and 71% in 
wavelet-GEVD methods. 

 

Fig. 5. The results of the proposed SNMA-LSRP method in comparison with 

PENS, i-vector PLDA, and wavelet-GEVD in estimating the number of 
speakers on simulated data for the noisy and reverberant environments 

(SNR=5 dB and 60 650 msRT = ) 

In addition, the second category of experiments is for 
evaluating the proposed SNMA-LSRP method in comparison 
with PENS, i-vector PLDA, and wavelet-GEVD in the effect 
of the noise and reverberation variations. Fig. 6(a) shows the 
results of speakers counting in fixed noise (SNR=20 dB) and 

variable reverberation ( 600 700 msRT< < ) five simultaneous 

speakers. As seen, all methods have proper accuracy in the 
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low 60RT  values, but the accuracy is decreased by increasing 

the 60 .RT  The proposed method estimates the number of 

speakers more accurately in comparison with other previous 
works in all reverberation times, especially in bigger 

60 .RT Fig. 6(b) shows the results for fixed 60 250 msRT = and 

variable SNR ( -10 dB<SNR<20 dB ) of the proposed method 

in comparison with other researches. As seen, the accuracy of 
the methods decrease in low SNRs but the proposed SNMA-
LSRP method has better accuracy in all SNRs in comparison 
with PENS, i-vector PLDA, and wavelet-GEVD algorithms.  

 

Fig. 6. The results of the proposed SNMA-LSRP method in comparison with 
PENS, i-vector PLDA and wavelet-GEVD for five simultaneous speakers in 
the next scenarios: a) fixed noise (SNR=20 dB) and variable reverberation 

( 600 700 msRT< < ), and b) fixed reverberation time 60 250 msRT = and 

variable SNR ( -10 dB<SNR<20 dB ). 

V. CONCLUSIONS 

In this paper, a 3D snowflake nested microphone array was 
proposed for eliminating the spatial aliasing. The inter-
microphone distance is adjusted in a way to prepare the proper 
information for speakers counting algorithm. In addition, the 
analysis filter in SNMA provides the possibility for subband 
processing. The SRP algorithm is implemented on limited 
space and subband format for preparing the energy map in 
each subband. A proposed weighted averaging method is 
considered for combining the LSRP-based information of all 
subbands to obtain the final LSRP energy map. In parallel, the 
LSRP algorithm is implemented on various time frames for 
each subband for calculating the histogram of peak positions. 
These histograms in different subbands are compared with 
combined LSRP energy map and the peaks with distance less 
than a threshold are selected for clustering section and the 
other peaks are denied. Finally, the K-means clustering 

algorithm with silhouette criteria is considered for estimating 
the number of speakers based on the selected peaks. The 
proposed SNMA-LSRP method is compared with PENS, i-
vector PLDA, and wavelet-GEVD algorithms in the noisy and 
reverberant scenarios for up to five simultaneous speakers. 
The results in all conditions show the superiority of the 
proposed method in comparison with other previous works. 
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