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Abstract

To solve the problem of tracking an acoustic source in noise and reverberation environment, a
new method is proposed in pursuit of higher accuracy. First, this paper improves the unscented particle
filter, which can add the latest measurement information to optimize the proposal distribution. Then, the
likelihood function is constructed by calculating the microphone arrays’ output energy in the framework of
the improved algorithm. Finally, the experiment results indicate that the proposed localization method can
not only improves the accuracy of location estimation, but also can enhance the ability to resist noise and
reverberation in the acoustic source localization system.
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1. Introduction

Speaker localization based on microphone array is an important topic in Human-
Computer Interaction Research. It has widely applications in several fields, including the
multimedia systems, video conferencing systems and mobile robotics and so on [1]. The
traditional speaker localization based on microphone array mainly estimated the speaker
location by calculating the current time delay of the speech signal received by microphone
array. In the situation of free sound field, this method can get a great effect of locating and
tracking. However, it will generate lots of fake sound resource under a strong background noise
or the situation of long reverberation time. As a result, it will affect the accuracy of localization.

In recent years, with the development of non-linear filtering techniques, researcher
modeled the speaker movement tracking using the way of state-space method, simulating the
situation of speaker's movement with proper dynamical equation, synthesizing present
information with the past ones, surmount the effect of virtual sound source effectively in complex
noise situation, and improve the accuracy and robustness of speaker localization system.
Vermaak [2] introduced the particle filter algorithm to speaker localization system, established a
reasonable speaker motion model to suppress spurious noise sources, and constructed the
likelihood function according to the time delay estimation. Ward [3] made improvements on the
basis of the previous, summarized the sound source locate methods and used output energy of
a steered beam-former to construct the likelihood function, achieving accurately tracking of
speaker by using the particle filter. Respectively, on the basis of improved particle filter, Fu-
Liang Yin [4, 5] constructed likelihood function based on time-delay estimation and the output
energy of SRP-PHAT beamformer for tracking and locating the speaker. Nai-gao Jing [6] used
guantum evolutionary methods to improve patrticle filter and applied the improved particle filter
to speaker localization, and achieved good results. The above methods can accurately locate
the speaker in short reverberation time and large SNR environment, but still cannot effectively
locate the speaker in the strong noise environment.

Therefore, this paper presents an acoustic source localization method based on
iterative unscented particle filtering method, which considers the inhibition room reverberation
role of measurement information and speaker motion model aiming to the inaccurate problem of
speaker location in the environment of long reverberation time and small SNR. The method
uses the audio signal collected by the microphone array as the observation information, and
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constructs the likelihood function by calculating the steered beamformer energy formed by the
microphone array. On the other hand, the introduction of iteration unscented particle filter and
the analysis of comparing to other filtering algorithms verified the effectiveness of this algorithm
in acoustic source localization.

In the rest of this paper, we explain our algorithm in Section 2. Experimental results and
analysis are reported in Section 3. We conclude this paper in Section 4.

2. The Proposed Algorithm
2.1. Particle Filter

Particle filter is a filtering method based on Monte Carlo and recursive Bayesian
estimation. In recent years, it has become a common tool for locating target under non-linear or
non-Gaussian conditions [7,8,9]. The core idea is that using the weighted sum of a series of
random samples to represent the posterior probability density. Assuming that nonlinear system
dynamic model as follows:

State equation: X, = f (X_,)+V,, (1)
Measurement equation: Z, = h ( X, ) +n, (2)

Where X, is the system state, z, is the observed state, the map f (1) and h(J) represent

the system state transition model function and measurement model function, v, _, andu, are the
process noise and observation noise.

Let{X,i( , Wii Jd=21---'N } represents a set of random weighted sample (particles), where

X,i( is the 1 -th particle state in time K , the corresponding weight value is W,i( , there:
N . .
P(X, |Yk):ZWII<5(X_XII<) 3)
i=1

o) i P | Xlgi)) p(XIEi) | Xlgi_)l
W™ o€ Wy ONIV0)
q0%” | Xoi11 Z)

(4)

Where §(Xx—X,)is the unit impulse function, that isd(X—x,)=0,X# X, and

jé(x)dx =1, particle sets sampled from proposal distributionq(x{" | x{) ,,Z,,), whose

N
weights satisfy the normalization condition z W,'( =1.
i=1

2.2. The Proposed Algorithm

In the acoustic source localization system, particle filter algorithm selects prior
probability density as proposal distribution, this approach lost measured value of the current
time, which leads to the wrong localization. While unscented particle filter (UPF) algorithm uses
the unscented Kalman filter to generate proposal distribution, which can be well integrated into
the latest measurement information to improve location accuracy. The detailed description refer
paper [10-12], the UPF’s principle will not be introduced in this section. But UPF also can not
accurately locate the speaker when the filtering estimation precision is lower. This paper
improves the UPF algorithm by joining iterative Kalman filter (IKF) algorithm to revise the state
mean and variance updated by UKF, and optimizes the proposal distribution. IKF [13] is a kind
of maximum posterior approach, which aims to find more information about using the known
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state estimation approximation of X" and P*. For any natural Number i determined by prior or
convergence criteria, the measurement update formula is:

X" =X,,,P" =P, .Sequence {x} and {P} are defined as:

X, =X,P, =P

Xq =X+ K (z=h(x)—H;(X=x)) (5)
Pa=0-KH)P

(6)

Where K, = PH,"(H,PH, +R)™,H, =h'(x,), R is the measurement noise covariance

matrix, | is a unit matrix. It can get new mean and variance by iterative update. Combined the
iterative thought of formula (5) and (6) with UPF can get iterated unscented Kalman filter (IUPF)
algorithm. Assume that the system as formula (1) and (2), the process noise and measurement
noise are all zero-mean Gaussian white noise which are not related to each other, covariance

are Q andR_, The improved part of the algorithm is described as follows:

(1) Initialization. At the timek =0, generate samples from the prior distribution
{x},i=12,---,N}.

Xyo = E (%) Y
5o = E[0% =%5) (% = %) ] ®)

(2) Important sampling
Attime Xy, , =X, i=1,2,---, N, use the UKF algorithm to update the particle.

. i i
Select particle X, ; = Xk_”k_l.

Xij,k—l = Xli-qk-l +\/(nx +4) Pki-qk-w =12, n, 9)

X q = Xli<—l‘k—1 - J(n, +ﬂ“)Pki—1‘k—1’ j=n.+Ln, +2,-,2n, (10)
A

W" = 11
° n+a -

WS =W," +(L+a’ + p) (12)
m C 1

WP =W=—"— (13)

2(n, +4)

Where Wj(m) and Wj(c) are the weights coefficient of the first-order statistical properties

and the second-order statistical properties.
Time Update:

Xij,k\k—l = f (Xij,k—l) (14)
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K1 = 2Wj(m)xz,kk—1 (15)
=

R = ZW( N LS A R (16)

Jk\kl = h(x; k1) an

Tia ZW(m)Z, k-1 (18)

Measurement update:

X . . . . T
Pe = ZWJ'(C) |:Xj,k\k—1 - Xk|k—1:| |:Zj,k‘k—1 - Zk\k—1:| (19)
=0
STCIE i i i
- zWi |:Zj,k\k—1 - Zklk—1:||:zj,k\k—1 - Zklk—l:| (20)
=0
K,=P,P* (21)
X||<\k = 7k||k-1 +K, (z, - 7kl|k-1) (22)
P\ - Pl\k ot Kk PZZKT (23)

(3) lterative update
Use IKF to revise the state mean and variance updated by measurements, get new

mean )?,L and variance F~)ki :
Particle sampling: X, [ q(%; ‘)~((i):k71 ,2,) = N(X, P (24)
Where N (-) represents a Gaussian function.

p(z, %) PR %)

Weights calculating: Wf( oC T (25)
q(xk ‘XO:k—l ' Zl‘k)
Where i=1,2,---,N_, Normalized weights:
. Wi
w, =—= (26)

N,
> W
i=1

(4) Resample process.
(5) State estimation:
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Ns . .
Xe = D WX, (27)
i=1

IUPF fully integrated into the current measurement of the latest information, can
accurately locate the speaker.

3. Acoustic Source Localization Based on IUPF
3.1. Speaker Localization Function

SRP-PHAT sound source localization algorithm combined robustness of beamform
method and short analysis of characteristics with the insensitivity to the environment of phase
transformation method, reducing the acoustic source localization system’s sensitivity to noise
and reverberation, improving the system's robustness and positioning accuracy [14]. The
algorithm searches the maximum output energy of the beam in the total space, to determine the
sound source location, use a shorter data analysis, so this method is very suitable for real-time
tracking the movement of the speaker. The specific calculations form as below.

Assuming that the sound source signal s(t) reaches the microphone array through the

multipath propagation. The i-th microphone received signal m. (t) can be expressed as:
m; (t) = s(t) * hy (1) + v (1) (28)

Where v (t) is the noise, h(t)is the impulse response between the source and the

first microphone, it is a function of the microphone and the sound source location. “*"is the
convolution operator. Set the space vector of the sound source is y ,the Fourier transform of

speech signal m,(t)is M (@) the number of microphones is M ,the propagation delay of

sound signal to the i-th microphone in the direct path is7; .SRP-PHAT sound source

localization algorithm is by calculating the microphone array beam output energy to positioning,
localization function is as follows:

M M

srP _ M U(O0IM (@) oty (29)
Y. (%) ;;Lwi(a))M*i(a))r do

3.2. The Implementation of Proposed Algorithm

This paper use the audio signal captured by microphone arrays as observational
information to locate the speaker. The IUPF algorithm framework needs to establish the motion
model of the speaker and the speaker localization function. This paper use the Langevin
process to establish the speaker's motion model, the detailed description refers paper [15]. The
implementation steps of speaker localization based on iteration unscented particle filter as
follows,

. . . - . - . . . . | 1 - _ .
Step 1: Initialization: k=1, initialize particle sets {Xo’ %\I =1 N } .
Step 2: Particles sample. k =1,2,---, obtain the sampling particles at time K by using
IUPF algorithm and speaker motion model and localization function.

%, [ q(xli\k ‘Xé:k—l’ ) =N (Xliqk’ Pki\k) &

Step 3: Weights update. Obtain particle weights Wf< at time Kk according to formula (25)

and (26).
Step 4: Resample process.
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Step 5: State output. Finally, particle sets and corresponding weights can be obtained.

Ng o
State estimation is x, = z W, X, -
i=1
Step 6: Determine whether the speech signal gets an end. If true stops running,
otherwise go to step 2.

4. Experimental Results and Analysis
4.1. Experimental Parameters Settings

The performance of the proposed acoustic source localization algorithm are evaluated
in a simulated (5mx7mx3m) rectangular room, as shown in Figure 1. In two directions of X
and Y, the two groups of linear arrays which containing two microphones are located
respectively, and the distance between the microphones in each group is 1m, the speaker
moves uniformly along the x axis inclined 45° direction in the room, and keeps speaking during
the movement, and the starting point of the movement is (1,1). The reverberation impulse
response function in the room is generated by the IMAGE model, using Gaussian white noise,
the speech signal is obtained by microphone array sampled with the sampling rate of fs=16
KHZ. The height of the speaker is set to a constant value.

During the experiment, The parameters in the speaker movement model are S, =10s™

. v, =1ms™, T =32ms, the initial state of the speaker is a, =[1,0,1,0]", with the covariance

0 0 0O

of p _ 0100 x B ,the transform length of FFT is L=512, window function is hamming
1o 0 0 0
0 0 0 1

window. Sound source moving uniformly along the x-axis inclined 45° direction with the speed of
0.1m/s. To verify the performance of IUPF algorithm on the speaker localization, this paper
compare it with the PF and the UPF which used in paper [10], and introduce the root mean
square error (RMSE) as a standard of precision measurement. The root mean square error
(RMSE) is defined as:

RMSE = (T—Z(xk - %))
t=1

The smaller the RMSE, the higher the position accuracy.

y/m-
5.0 ya end
4.0 /

N 3.00
Mi
icrophone array 12 oo
1.0, < start
P -0 ;
1/0/ 1.02.03.04.05.06.07.0 x/m
5.0 Microphone array 2
3

z/m
Figure 1. The Placement of Microphone Array

4.2. The Experimental Results and Analysis
Under the condition of different SNR and reverberation time (T, ), we compared the
performance of PF, the UPF and the proposed method in this paper. Figure 2 shows the
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localization effect of three algorithms in X direction when SNR =15dB, T, =100ms. Figure 3

shows the localization effect of three algorithms in Y direction when SNR =15dB, T, =100ms.
Figure 4 shows the localization effect of three algorithms in X direction when

SNR =5dB, T,, =200ms. Figure 5 shows the localization effect of three algorithms in Y

direction when SNR =5dB,T,, =200ms. The horizontal axis represents time, the vertical axis
represents the position in each direction. Experiment has 50 times simulations respectively in
two different SNR and reverberation time (T, ), getting the average values of the RMSE as

shown in Table 1 and Table 2.

2.51

x/m
*
yrm

1.5¢

t/s t/s

Figure 2. SNR =15dB, T, =100ms, the Location Figure 3. SNR =15dB, T, =100ms, the Location
Results of Three Algorithms in X Direction Results of Three Algorithms in Y Direction

Figure 4. SNR =5dB, T = 200ms, the Location ~ Figure 5. SNR = 5dB, T, = 200ms, the Location
Results of Three Algorithms in X Direction Results of Three Algorithms in Y Direction

Figure 2 and Figure 3 show the location results of the PF, the UPF used in paper [10]
and the proposed algorithm under the condition of higher signal noise ratio (SNR) and shorter
reverberation time. Obviously, the location results of PF and UPF are coarse and imprecise.
The proposed algorithm can achieve precise localization of the speaker compared to PF and
UPF. Results indicate that the proposed method is superior to PF and UPF algorithm on the
location accuracy in high SNR.

Figure 4 and Figure 5 show the location results of three algorithms as the SNR
decreases and reverberation time increases. The location accuracy of three algorithms reduced
in different degree, the estimation error of PF and UPF algorithm increased obviously while the
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proposed algorithm can still keep good localization accuracy. The experiments show that the
stability of the proposed method is better than PF and UPF algorithms.

Table 1. SNR =15dB, T =100ms, Comparison of RMSE Value

RMSE
Filtering algorithm
X Y
PF 0.0627 0.0578
UPF 0.0415 0.0451
Our algorithm 0.0333 0.0318

Table 2. SNR =5dB, T, = 200ms , Comparison of RMSE Value

RMSE
Filtering algorithm
X Y
PF 0.4429 0.6294
UPF 0.2570 0.4906
Our algorithm 0.1655 0.2119

By comparing the mean square error of Tablel and Table 2, the IUPF algorithm has
minimum RMSE, the localization accuracy is 50%-60% higher than that of the PF, 10%-30%
higher than that of the UPF. It shows that the proposed algorithm in this paper is always better
than the algorithm in paper [10] and the standard filter method.

In summary, under the condition of lower SNR and stronger reverberation, PF and UPF
algorithm can appear large localization errors. Obviously, our algorithm greatly improves the
location accuracy.

5. Conclusion

Analyzing the traditional localization method based on particle filter algorithm, an
effective localization algorithm is proposed in this paper which combines UKF and IKF to
generate the proposal distribution function of the PF. Under the framework of the improved
algorithm, this paper constructed the likelihood function using SRP-PHAT. Simulation results
show that the localization accuracy of the proposed algorithm has obvious improvement
comparing to PF algorithm and UPF algorithm.
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