IEEE Access

Multidisciplinary : Rapid Review : Open Access Journal

Received October 4, 2020, accepted October 9, 2020, date of publication October 13, 2020, date of current version October 26, 2020.

Digital Object Identifier 10.1109/ACCESS.2020.3030814

Deconvolved Conventional Beamforming and
Adaptive Cubature Kalman Filter Based Distant
Speech Perception System

XIANG PAN"“1, YUE BAO!, YITING ZHU'!, HUANGYU DAI',
AND JIANGFAN ZHANG 2, (Member, IEEE)

!'School of Information Science and Electronic Engineering, Zhejiang University, Hangzhou 310027, China
2Department of Electrical and Computer Engineering, Missouri University of Science and Technology, Rolla, MO 65401, USA

Corresponding author: Jiangfan Zhang (jiangfanzhang @mst.edu)

The work of Xiang Pan, Yue Bao, and Yiting Zhu was supported in part by the National Natural Science Foundation of China under
Grant 41776108, Grant 61571397, and Grant 61171148; and in part by the National Key Research Program of China under

Grant 2017YFC0306901. The work of Jiangfan Zhang was supported in part by the Cynthia Tang Endowment in Computer Engineering,
Missouri University of Science and Technology, Rolla, MO, USA.

ABSTRACT A spatial-temporal processing framework integrated of speech enhancement and speech
tracking is proposed in this paper for distant speech perception. First, weak speech signals are enhanced
by the deconvolved conventional beamforming (DCBF) with a microphone array. By virtue of the narrow
beamwidth and low sidelobes of the DCBF, the competing sources can be effectively suppressed without
introducing extra speech distortion. Second, with the accurate bearing provided by the DCBF, the Cubature
Kalman filter can be utilized to track the speech source of interest. By introducing a scaling factor in the
current statistical motion model, a new tracking algorithm is proposed which is suitable for both maneuvering
and nonmaneuvering speech sources. The introduced scaling factor can be adaptively adjusted to improve the
tracking performance of the proposed algorithm for different motion models. Numerical results show that
the proposed algorithm can provide better tracking performance than the conventional one. In particular,
the tracking root mean square error can be reduced by half for some cases.

INDEX TERMS Cubature Kalman filter, deconvolved conventional beamforming, improved current statis-

tical motion model, maneuvering speech source, speech perception system.

I. INTRODUCTION

Although the automatic speech recognition (ASR) products
have been widely implemented in practical applications, most
of ASR systems are only suitable for short-range speech
source within 5 m. The distant speech perception has not
been well studied yet, and is a challenging task due to the
severe signal attenuation, interference and background noise
[1]-[4]. In indoor environments, reverberation is the main
interference [5] while the wind noise is the main interference
in outdoor environments [6]. A typical speech enhancement
module is proposed in [1], consisting of a speaker tracker,
a beamformer, and a post-filter. When the speaker’s position
is estimated by the tracker, a beamformer is employed to
strengthen the sound waves coming from the direction of
interest. And the residual noise components are removed
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by a post-filter. In this paper, we develop a distant speech
perception system with novel beamforming algorithms and
enhanced maneuvering speech tracking capability.

The  minimum-variance  distortionless  response
(MVDR) [7] is widely utilized in speech enhancement,
but the MVDR requires multiple snapshots to calculate the
sample covariance matrix. For a moving speech, there are
no enough snapshots for calculating the covariance matrix.
Thus, we consider the deconvolved conventional beamform-
ing (DCBF) to estimate the direction of arrival (DOA) of the
speech of interest. The DCBF has some advantages, such
as narrow beamwidth, low sidelobes comparable with the
MVDR, and moreover, it maintains the robustness of the
conventional beamforming (CBF).

It is of great interest to track a moving speaker of interest
in practice. The Kalman filter (KF) [8], the extended Kalman
filter (EKF) [9], the unscented Kalman filter (UKF) [10],
and the particle filter (PF) [11] are widely utilized in
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target tracking. Here, we consider the cubature Kalman filter
(CKEF) [12] for speech tracking on account of its lower com-
putational complexity than the PF and better stability than
the UKF.

Sometimes, the speaker may abruptly stop for a while,
and then continue to walk. However, it is difficult to track
such a maneuvering target with some unknown time-varying
motion model. The current statistical (CS) model [13] can
be utilized to model the time-varying motion model. The
CS model assumes that given the current acceleration, the
probability density function of the acceleration at the next
instant is a modified Rayleigh density function whose mean
value is the current acceleration. The CS model is essentially
an extended Singer model adaptively with a non-zero mean
of the acceleration [14]. In [15], the limits of acceleration are
adaptively adjusted using the fuzzy control in the presence of
strong maneuvering. While in [16], the acceleration variance
is adaptively modified by estimation of the positional shift.
Besides, the interacting multiple model (IMM) algorithm is
widely utilized in tracking a maneuvering target, wherein the
target maneuver is modeled as a combination of different
motion models, such as a nonzero mean, white noise turn
rate dynamic model for tracking sharply maneuvering ground
targets [17], a combination of the constant velocity (CV)
model and the coordinated turn (CT) model with estimated
turn rate [18]. In particular, the IMM algorithm reduces to
the autonomous multiple model (AMM) algorithm when the
transition probability matrix (TPM) is an identity matrix [19].
In this paper, we propose an adaptive CS model by using
a scaling factor to improve the tracking performance of the
proposed algorithm for both maneuvering and nonmaneu-
vering motion models. Different from the previous methods,
the scaling factor is directly calculated using the residuals
during two successive iterations. And the initial parameters
are weighted with the scaling factor for next iteration.

The contributions of the paper include:

(1) A distant speech perception system is proposed by
integrating the DCBF algorithm and an improved tracking
algorithm. The existing speech perception and tracking tech-
niques are generally only effective for the case where the
speech source is at a distance ranging from 3 m to 6 m
[20], [21] and require a high signal-to-noise (SNR) at the
receiving end. In this paper, we are primarily interested in
the case where the speech source is at least 15 m far apart,
and the algorithms proposed in this paper perform very well
in our outdoor experiments.

(2) We extend the deconvolved conventional beamforming
algorithm to a circular array for the DOA estimation and
speech enhancement. Moreover, the DCBF proposed in [22]
which is only suitable for narrowband signals is extended to
be suitable for wideband signals by adopting the incoherent
signal-subspace processing scheme in this paper. The devel-
oped algorithms have been validated by our numerical and
experiment results.

(3) An adaptive CS model is developed to improve the
performance of our proposed tracking algorithm for both
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maneuvering and nonmaneuvering motion models. To be
specific, we utilize a time-varying scaling factor to scale the
reciprocal of the maneuver time constant in the CS model.
It is worth mentioning that once a time-varying scaling factor
is introduced to scale the reciprocal of the maneuver time
constant in the CS model, the Cubature Kalman filter algo-
rithm, which is the tracking algorithm of our interest in this
paper, generally cannot be applied to the CS model anymore.
To overcome this, we set the product of the time-varying
reciprocal of the maneuver time constant and the sampling
period to be small, which is generally the case in prac-
tice since the sampling period is generally very small in
practical systems. Then, the implementation of the Cubature
Kalman filter algorithm is developed based on the proposed
improved current statistical model. As demonstrated by the
numerical and experimental results, the proposed adaptive CS
model works well for both maneuvering and nonmaneuvering
speech sources.

The remainder of this paper is organized as follows.
In Section II, the DCBF algorithm is derived for wide-
band speech signals. The adaptive CS model combined with
the CKF for speech tracking is introduced in Section III.
Section IV numerically evaluates the performance of the
DCBF processor and the adaptive CS-based Cubature
Kalman filter. Section V briefly describes the hardware plat-
form of the distant speech perception system. Experiment
results are presented in Section VI. Section VII summarizes
the paper.

Il. WIDEBAND DCBF

Since the speech signal generally cover the frequency ranging
from 300 Hz to 3400 Hz, we consider wideband beamform-
ing techniques to estimate the DOA of the speech signal.
As shown in Fig. 1, the wideband signals are firstly decom-
posed into a group of narrowband components by using
Discrete Fourier Transform (DFT). Then, the narrowband
DCBF is employed for estimating the DOA for each fre-
quency bin. Then, the final DOA estimate can be obtained by
averaging the DOA estimates over all frequency bins. This
idea of extending the DCBF from narrowband signals to the
wideband signals is similar to that proposed in [23] which
is employed to estimate the spatio-temporal spectrum of the
signals received by a passive array. However, the applica-
tion considered in this paper is different from that in [23].
To be specific, we focus on the deconvolved conventional
beamforming approach while the paper [23] considers the
eigenstructure methods.

M-point DFT i Averaging Strategy
Wideband Signal [ ——— —— | DOA Estimation
. .
. .

FIGURE 1. The scheme of DOA estimator for wideband signals.
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One of major advantages of the circular array is that the
shape of its beampattern is invariant to the look direction.
A wideband DCBF implemented on a circular array is our
focus. Consider an N-element circular array on the x-y plane
with radius 7 and its center at the origin of coordinate.' The
array elements are evenly distributed on the circumference
which spatially sample a sound field at the locations:

). rsin(Zm) 0.1,....N—1
n,rsm—n , n=0,1,...,N—1.

N
(D

In (1), we only consider the azimuth angle of incident
signals. For the case where the signals are not incident on
the horizontal plane containing the circular array, the CBF
can be firstly used to make a joint estimation of the azimuth
and elevation angles. Then, by using the estimated elevation
angle, the DCBF is utilized to accurately estimate the azimuth
angle.

Assume that there are K speech sources which emit signals
to the circular array from far field with different azimuth
angles 6; and a known elevation angle ¢g. The received signal
can be expressed as

[xn, ynl= |:r COS( N

K
X=) Api+n 2)
i=1
where A; is a random signal amplitude and independent over
i, n denotes a white Gaussian noise vector with mean 0
and covariance 21, which is independent of A;, and p; is a
source-direction dependent vector, which is defined by

. . 1T
i i
pi = I:p17p2’ cee 7PN:|
— [e—jk(xl cos ¢ cos 6;+y1 cos ¢o sin b;) ,
e—jk (x2 cos ¢ cos B;+y2 cos ¢ sin 6;) ,

. . T
, e—./k(xN €oS ¢ cos 6;+yn cos ¢g sin 0,-):| 3)

where j denotes the imaginary unit, k denotes wave number,
the superscript T denotes vector transpose. The exponent of
p;'l denotes the phase delay of signal from the center of the
circular array to the n-th array element.

In order to estimate the DOA of the signal by the CBF,
the steering vector s = [sq,s2,...sy]" is multiplied by
the received signal X, so we can obtain the beam power for
different angle, where s, = Iive_jk(x" cos ¢ cos -+yy cos do sin )
0 is referred to as the steering or look-direction angle. The
expected beam power is given by

K
Z Di <A,-A;-")le + <nnH> s

ij=1

K
2
> (14iP) s pi

i=1

Y (0) = s

+o°. “

IThe element and receiver are interchangeable in this paper.
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where <> denotes expectation. Note that o2 is independent
of s and known, and hence we can drop it in (4). As a result,

K 2
Y @) o 3 (1) |5 pi
i=1

YK (1442)8 & — 6) and

27
:/ B, (6,9)S (9)d?, (5)
0

where S () 2

B, (0,6;)
= SHPi)Z
1 i ]kr[(COGQ COG(‘),)C()S( )+(§1n9 gm@l)gm(Zlyz],,)] 2
= |5 e
Nn:l
- [h et ®

Notlng that as the number of the array elements N — oo,
(6) can be rewritten as

2 0-6; 9+9i 2
Bp (09,9[) _ ‘L/ /2krsm( —+ )sm( )d(b
2 0
L/2n ijrSm( d(ﬁ‘
2 0
£ B, (60 —6) (7
Consequently, (5) can be rewritten as
2
Y(@):/ B, (0 —90)S(¥)dv 8)
0

From (8), we can see that the CBF beam power can be
expressed as the convolution of the beam pattern with the
source power distribution. Given the beam pattern of an array,
we can deconvolve the CBF beam power to estimate the bear-
ing distribution of the sources by using the Richardson-Lucy
(RL) algorithm [24], [25], and then we can estimate the DOA
of a source of interest. The R-L algorithm of deconvolution is
widely used in image processing where the channel impulse
response (CIR) is referred to as the point scattering func-
tion (PSF) and assumed to be position independent. We apply
R-L algorithm to the CBF beam power where the beam
pattern is viewed as the PSF to obtain the underlying signal
that has been corrupted by the PSE.

Ill. ADAPTIVE CUBATURE KALMAN FILTER

In this section, an adaptive Kalman filtering algorithm is
discussed for maneuvering speech source tracking. The state
equation and measurement equation are given by

=f-t,u—)+m_randz =hx)+w. )

where x; = [x; X; X; y1 y1 1] € R™ is the state varible at the
time instant /, (x7, y7), (7, y7) and (X;, y;) are the position,
velocity and acceleration of the speech source, respectively;
f i R" x R — R™ and h : R x R™ — R’: are some
known functions; u; € R™ is the control input; z; € R
is the measurement; {n;_1} and {w;} are independent process
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and measurement Gaussian noise sequences with zero means
and variances Q;_1 and Ry, respectively.

Since the azimuth angle of a speech source is obtained
by using beamforming techniques, the measurement equation
in (9) can be rewritten as

7] = arctan (u) + wy (10)
x| — X
where (x,, y,) is the position of the observer. It is clear that
the measurement equation is nonlinear.

A. IMPROVED MANEUVERING MODEL

The CS model [13] is widely utilized in tracking a maneu-
vering target. When a target is maneuvering with a certain
acceleration, the CS model assumes that its acceleration at
the next time instant is limited within a range around the
current acceleration. The acceleration can be modeled by a
modified Rayleigh density function with mean value equal to
the current acceleration. For simplicity, let’s first assume that
the target moves along one direction, that is, x-axis, and the
following results can be easily extended to the case where
the target moves arbitrarily in the two-dimensional space.
As such, the state vector x; = [x; i %] € R? and the
maneuvering model can be expressed as

X=a +aq anda = —aa;+wy, (11

where a; is the mean of maneuvering acceleration at time
instant /. a; is the zero mean colored acceleration noise. « is
the reciprocal of the maneuver time constant, and w; is white
noise with zero mean and variance O’MZ/ = 2ac? [13].

When %; > 0, the probability density function is given by

(@max — X1) expl{— (amax — jC‘l)z
w? 2u?
0 X| > Gmax

(12)

} X < amax

P, ()C]):

where g,y is the maximum positive acceleration and p > 0
is a constant. The mean value and the variance of the random
acceleration X; are

.. 7 .. 4d—m 5
E [%1] = amax — E/’L and var [%] = T/’L s (13)

respectively. Similarly, when X; < 0, the probability density
function has the form
P, (X[)

(X1 — a—max) X — afmwc)2

0 Xl = Q—max

(14)

)X > a_max

where a_,,, is negative. The mean value and the variance of
the random acceleration X; are

.. b4 .. 4—m ,
E[X] = a—max + FH and var [X)] = — (15)
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respectively. The state equation in (9) can be rewritten as

x=Fr—ixgo+Uisiai— +wig. (16)
where
B 1
I T —(-14al+e7)
o
Flll—l = 0 1 l (1 _ e—otT) (17)
o
[0 0 et
1 al? 1—e T
—(-T+—+
o 2 o
U_| = 1 —e ol (13)
-1 T e
1— e—otT

By choosing T to be small enough such that «7 is small,
Fj;—1 can be reduced to

1 T T?)2 N
Fu-1=10 1 T |=F, (19)
0 0 1

by employing the Taylor series of ¢* and ignoring
higher-order small terms. It is seen from (19) that Fy;_; is
independent of / and the choice of «. Similarly, U; can be
approximated as U;_1 = [0, 0, aT]T.

It is clear that the CS model involves three parameters «,
Amax, and a_q,. These parameters need to be predetermined
in maneuvering target tracking. If some large values are
chosen for these three parameters, the CS model performs
well in tracking strong maneuvering targets which have large
accelerations and vastly time-varying motion models, but has
low accuracy in tracking nonmaneuvering targets which have
small accelerations and insignificantly time-varying motion
models. On the contrary, small values of &, a4y, and a_yqx
may improve the accuracy of the nonmaneuvering target
tracking, but lead to poor performance in tracking strong
maneuvering targets. In light of this, we introduce a scaling
factor which can be adaptively adjusted to improve the track-
ing performance for both maneuvering and nonmaneuvering
targets.

The norm of the residual is defined by D; = vlTPl_lvl,
where v; = (Zl — 2”1_1) denotes the residual, and P; denotes
the covariance matrix of the residual at the time instant /.

For maneuvering targets, the difference between D; and
D;_ is large. Otherwise, the difference is small. We define a
scaling factor as

A =In(D;/Di—1 + 1), (20)

and therefore, the previous parameters at the instant of [ is
adjusted as:

o = Aoy, Amax,l = )Llamax,O’ A—max,| = )\lafmax,o (21)

where o, dmax,0 and a_qx 0 are initial parameters.

For the case where the acceleration of the target is large,
the value of A; is also large, and therefore, o, @yqx,1 and
a_may,! are large enough to adapt to the target maneuvering.
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Otherwise, a small value A; is chosen when the acceleration
of the target is small with the goal of improving the accuracy
of target tracking. This improved CS model is referred to as
the adaptive CS (ACS) model in the following part.

B. CUBATURE KALMAN FILTER

For this nonlinear measurement model, a suboptimal solution
for estimating the state vector can be achieved by employing
the Cubature Kalman filter algorithm [26], [27]. As a result
of (19), for small «T, the state vector can be updated by

Xji—1 = Fxi—1i-1 + Ui—1a1-1 (22)
and its associated covariance is calculated as
Pii—y = FPi_1y—1FT + Q1. (23)

On the measurement update stage, the cubature points &;,
i = 1,...,L are transformed so that they can capture the
mean and covariance of the predicted density p (x7|zj—1) =
N (x;; =1, Prji— 1). The transformed points are

8inji—1 = /Pii—1& + Xi—1,

where |/Pj;—1 is the matrix square root of Py;_1, that is,
T .

(v/Pii=1) (/Piu=1)" = Pyj—1. The set of cubature points &;

is defined by & = /iy [Inxf — I, 1i, where : denotes matrix
concatenation, [A]; denotes the i-th column of matrix A, and
I,,, is an identity matrix of size n,. The total number of points
required in a CKF is L = 2n,. Hence, a highly desirable
property of the CKF is that the required number of cubature
points increases only linearly with the dimension of the state
vector.

These transformed cubature points are then propagated
through the measurement function B;;;—; = h(di-1)
which are used to compute the predicted bearing measure-
ment as a weighted sum Zjj—1 = ZiL:I wiB 1j1—1, where
w; = i,i = 1,2,...,L are the cubature weights. The
Kalman gain can be obtained as G; =
where

i=1,...,L (24

—1
xz,l\l—lPZZyl”,]

L
Pei—1=Y_wi(Biy—1—2m-1) (Bigy—1 —2-1)" +Ry
i=1

(25)

is the innovation covariance and
L

o A T
Pei—1=Y_ wi (81 —%-1) (Biju—1—2m-1)" (26)
i=1
is the cross covariance matrix.

With a new measurement z; entering the algorithm, the
predicted state is updated using the Kalman gain as

S =%—1 + Gi (21 — Zii—1) (27
and the corresponding error covariance is given by
Py =Py—1 — GiP11-1G] . (28)
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For simplicity, the Cubature Kalman filter based on the
ACS model is referred to as adaptive Cubature Kalman filter
in the paper.

IV. NUMERICAL SIMULATIONS AND PERFORMANCES
ANALYSIS

In this section, the performance of the DCBF for wideband
signals is compared with that of the CBF and the MVDR. In
addition, the adaptive CS model for tracking a maneuvering
target is also numerically evaluated.

A. PERFORMANCE EVALUATION OF DCBF

We consider a circular array with radius » = 0.5 m consisting
of 80 microphones evenly distributed on the circumference.
Assume that SNR is 10 dB and the sound speed ¢ = 340 m/s.
The azimuth angle and the elevation angle are both 0°. For the
sake of comparison, the DOA estimates produced by the CBF
and the MVDR are also given, respectively. The beam power
is respectively calculated at a given direction for each kr. The
number of iterations of the R-L algorithm is 20.

Fig. 2(a) shows the CBF beam output for kr ranging from
3 to 15. As expected, the CBF has a wide beamwidth at
low kr. Fig. 2(b) and Fig. 2(c) respectively depict the outputs
of the MVDR and the DCBEF. It is seen from Fig. 2 that the
DCBF yields a narrower beamwidth and lower sidelobe levels
when compared to the CBF. In the wideband DOA estima-
tion, we consider a frequency range from 300 to 3400 Hz
which is contained in the Human voice frequency range. The
sampling frequency is 8 kHz. And a 1024-point fast Fourier
transform (FFT) is used for the spectral analysis of the time-
series. The RL algorithm runs with 20 iterations for each
frequency bin. The MVDR employs 160 snapshots while the
CBF and the DCBF only employ 10 snapshots. The azimuth
angle is 0°. Fig. 3(a), (b) and (c) show the outputs of the
CBF, MVDR, DCBF for different frequencies. It is seen from
Fig. 3 that both the DCBF and the MVDR have narrow
beamwidths. Fig. 4 shows the average beampattern of the
three beamforming techniques. As illustrated in Fig. 4, the
DCBEF performs the best in terms of beamwidth and sidelobe
levels, even though the DCBF uses fewer snapshots than the
MVDR. Itis worth mentioning that the outputs of the DCBF
for all frequency bins are uniformly averaged in the wideband
DCBEF algorithm.

In order to illustrate the superior directivity of the DCBF,
we consider the case where one signal source and one inter-
ference source are close in terms of directions. Specifically,
the azimuth angles of signal and interference are 0° and 3°,
respectively. As shown in Fig. 5, the CBF and the MVDR
cannot identify two sources, but the DCBF can effectively
distinguish them.

B. ADAPTIVE CS MANEUVERING MODEL TESTING

In this section, the adaptive CS model is compared with the
conventional CS model in the context of tracking a maneu-
vering target by using the CKF. As shown in Fig. 6(a),
three receivers are located at (0 m, 0 m), (4000 m, 6000 m)
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FIGURE 2. Beamforming outputs with different kr. (a) CBF; (b) MVDR; FIGURE 3. Beam power outputs of all frequency bins. (a) CBF; (b) MVDR;
(c) DCBF. (c) DCBF.

and (7000 m, 5000 m), respectively. The standard deviation time interval is 1 s and the total tracking time is 1200 s,
of measurement of bearing is 5°. The initial position of the motion of the target can be divided into five stages. During
the target is located at (3000 m, 7000 m). The sampling the period of 0~300 s, it moves with a unform velocity
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FIGURE 4. The wideband DOA estimations by the CBF, the MVDR and the
DCBF.

Wideband DOA
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FIGURE 5. Resolution comparison among the CBF, the MVDR and the
DCBF.

(x =15m/s, y =0m/s), which is the stage I. Then it turns
right at a rate of 0.5°/s for 300 s, which is the stage II.
From 601~800 s, it moves with a uniform acceleration of
(¥ =0.02m/s%, ¥ =0m/s?), which is the stage III. After
that, it moves with a uniform velocity during 801~950 s,
which is the stage IV. During the final period of 250 s, it turns
left at a rate of 0.5°/s, which is the stage V. The parameters
g = 1/60, ayayr.0 =0.05m/s? and a_ay.0 = —0.05 m/s?.
Fig. 6(a) depicts the true and estimated trajectories.
Fig. 6(b) shows the root-mean square errors (RMSEs) of the
CKF with the CS model and the ACS model. The number of
Monte Carlo runs is 500. It is seen from Fig. 6(a) that two
models can both track the target in the five stages. But, when
the target turns right or left, the tracking trajectories of two
models deviate the true trajectory as shown in Fig. 6(a) to
different extents. From Fig. 6(b), we can see that the ACS
model has a smaller RMSE than the CS model. In particular,
the tracking RMSE of the ACS model can be as small as half
of that of the CS model at time equal to 500 s. Thus, the ACS

187954

8000

7000 | e e
S,
I
6000 - S N ;i
5000 - O / )
g 4000 T |
; /;"‘/;"[
3000 | et
/:"i’//
2000 =
’f_,{:'/:“/- True target track
L ~ CKF CS model
1000 4
’/ ——— CKF Adaptive CS
@ y
\. )
1000 H I \\3\.#/ I I | . )
0 1000 2000 3000 4000 5000 6000 7000 8000 9000 10000
X/m
(@)

©
(=]
=]

CKF CS model|
—-=-—--CKF Adaptive CS

rms error(m)
w Fy 19, =23 ~ =23
(=] (=] (=1 (=] o =]
o o o (=} o (=}

N

(=}

=]
T

(=}
(=]

(=]

0 200 400 600 800 1000 1200
time(s)

(b)

FIGURE 6. Maneuvering target tracking with the CS model and the ACS
model. (a) True and estimated trajectories; (b) RMSE in position. The
circles denote the positions of three receivers.

model outperforms the CS model in tracking maneuvering
targets.

Further, the robustness of the ACS model is evaluated
using different initial parameters. Table 1 presents the over-
all average tracking RMSEs of two models with different
oo and a,,4c. In each table cell, the values before and after
the slash correspond the CS model and the ACS model,
respectively. The notation Inf in the table means that the
RMSE is too large. From Table 1, we can see that the ACS
model is better than the CS model since the former has small
RMSEs. Meanwhile, when «q decreases, the RMSEs of the
CKF with the two motion models both decrease due to the
smaller step size in iteration. The ACS model has smaller
RMSEs than the CS model due to the significant role of
the scaling factor in tracking the strong maneuvering target.
What’s more, when o and a,,,, deviate a lot from the true
value, such as g = 1/20 a4 = 0.07, the target may be lost
when using the CS model but the ACS model can track the
target stablely.

Table 2 shows the tracking RMSEs for the target with
different maneuvering acceleration. Here, stage III denotes
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TABLE 1. Comparison between the ACS and the CS with different «y and amax-

RMSE (CS/ACS) Amaz
0.01 0.03 0.05 0.07
ap
1720 577.5/370.7 | 1086.1/279.1 | 1914.6/165.9 Inf/133.8
1/40 639.8/349.3 725/174.6 214.6/134.4 | 201.9/116.3
1/60 706.6/304 288.2/163 235.8/125.7 136.7/115.5
1/80 479.8/286.4 | 242.9/158.6 182.3/124.2 172.5/115.6
1/100 428.6/273.5 228.5/155.6 141.3/123.7 117.3/112.7
TABLE 2. Comparison between the ACS and the CS under different accelerations.
RMSE ! stage
1 I it v \%
i
0.1 67.8/68.8 | 180.1/127.0 | 59.4/63.7 72.6/74.3 1102.8/686.5
0.2 57.7/67.0 | 181.6/125.8 | 92.3/64.9 203.6/82.2 | 2467.5/1889.1
0.4 62.2/68.4 | 198.5/124.4 | 126.9/72.3 | 326.8/308.5 | 3793.5/2934.6
1 CS/ACS

TABLE 3. Summary of processing algorithms.

DCBE Narrower beamwidth when compared with the CBF; low sidelobe levels; robust to array position error;
require the angle shift-invariance of beam pattern
CKF Lower computational complexity than that of the PF; RMSE is smaller than the UKF; more stable than the UKF
Adaptive CS | Can stably track maneuvering or nonmaneuvering targets; the averaged RMSE is lower than CS

the third stage with a uniform acceleration. It is obvious that
the ACS model outperforms the CS model when the target’s
acceleration becomes larger and larger. In addition, the track-
ing RMSEs for other stages are also provided in Table 2.
Similarly, the ACS model performs well when the target
turns right or left. In the first stage, when the target moves
with a constant velocity, the CS model shows slightly better
performance than that of the ACS model. But in the fourth
stage where the estimated angle produced by the DCBF is not
very accurate, the ACS model has smaller RMSEs than the CS
model. This implies that the ACS model is more robust when
the estimated angle is not very accurate. Table 3 summarizes
some features of the DCBF, the CKF, and the adaptive CS
model. Detailed discussion on the pros and cons of the classic
tracking algorithms, such as KF, EKF, UKF, PF, CKF, IMM,
AMM, can be found in [14], [28]—[30] and references therein.

V. EXPERIMENTAL RESULTS

Besides the numerical results, we also build a real distant
speech perception system based on the proposed algorithm,
and we test the proposed algorithm based on the experimental
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data. The experimental results show that when compared
with some conventional algorithm, the proposed algorithm
can achieve the same tracking performance with much lower
computational complexity.

The distant speech perception system is shown in Fig. 7.
The system consists of two microphone arrays, a signal
processing hardware platform and an upper computer. The
microphone rectangular array consists of eight horizontal
arrays with ten equally spaced elements. The element spacing
between two neighboring microphones is 3.8 cm. In the ver-
tical direction, the space between two neighboring horizontal
linear arrays is 3.8 cm. The circular array with radius 0.5 m
consist of 80 elements with a uniform spacing of 0.04 m.
As such, the beamforming algorithms implemented on the
two arrays can be integrated into the hardware platform to
capture distant speech signals in a real time manner, and the
recorded data are processed by our proposed algorithms on
the upper computer.

The omnidirectional microphone COTT-C5 has the sen-
sibility of —45 dB and the frequency response from 20 Hz
to 20 kHz. We developed an integrated pre-amplifier circuit
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FIGURE 7. The hardware platform.(a) Circular array; (b) Rectangular
array; (c) Processor cabinet and upper computer.

module to enhance the capability of microphones for sensing
weak speech signals. The signal processing platform consists
of a signal conditioning module, an A/D module, a main con-
troller unit and a DC power supply module. The signal condi-
tioning module consists of a amplifier with 20 dB gain and a
bandpass filter with a passband from 285 Hz to 3.7 kHz. The
signal conditioning module connects the A/D module with
a differential signal transmission cable. In the A/D module,
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FIGURE 8. The experiment configuration.

the chips ADS1601 are used whose sampling rate is 48 kHz.
The Z-turn board based main controller unit consists of two
ARM Cortex-A9 processing systems and a Programmable
Logic unit, which are utilized for 80-channel synchronous
sampling, external communication, and the implementation
of beamforming etc. Meanwhile, the 80-channel data are
transmitted to the upper computer through RS-232 serial
ports, where the proposed wideband DCBF algorithm and
the improved tracking algorithms are implemented to the
received data for distant speech reception.

It is worth mentioning that the rectangular array is only
utilized to assist the circular array to estimate the initial posi-
tion of the speech of interest. Specifically, the CBF is applied
to the rectangular array to estimate the DOA of the speech
of interest. Meanwhile, the DOA of the speech of interest
is also estimated by the DCBF implemented on the circular
array. With the known positions of these two arrays and their
estimates of the DOA, we can estimate the initial position of
the speech source based on the Least Square method. With the
estimated initial position of the speech source, we are able to
track the speech source in a real-time manner by solely using
the circular array with our proposed algorithms, which will
be illustrated in Fig. 9.

The system performance is tested in outdoor experiments.
The Fig. 8 shows the experimental setup. The centers of
the rectangular and circular array are respectively located at
(0m, 0 m) and (10 m, 0 m) in the Cartesian coordinate system.
The speech source moves along a straight line from (—14 m,
15 m) to (25 m, 15 m). The speech of interest is a record
of an English lecture. The outdoor environmental noise level
is in the range from 53 to 55 dB. A 512-point DFT is used
in the wideband speech signal DOA estimation. In addition,
ap = 1/60 and amay0 = 0.1 m/s? are chosen for the ACS
model.

The cubature Kalman filter is combined with the ACS
model (ACKF) to track a maneuvering speech source. The
speech source moves along a straight line from (25 m, 15 m)
to (—5 m, 15 m) and stops at the position (10 m, 15 m) for a
while. For the sake of comparison, the results of the PF with
the ACS model (APF) are also provided. In the tracking algo-
rithm, the initial positions are provided by the weighted least
square (LS) method with the estimated DOAs. It is seen from
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FIGURE 9. Position tracking of a maneuvering speech source using ACKF
and APF.

Fig. 9 that the ACKF and the APF can both stably track the
position of the speech source. And two tracking trajectories
almost overlap. The number of particles in the APF is 1000,
while the ACKF only uses 8 cubature points. Thus, the CKF
can achieve almost the same tracking performance as that of
the PF but with a much lower computational complexity.

VI. CONCLUSION

We have derived the wideband DCBF algorithm and designed
an adaptive cubature Kalman filter for a distant speech per-
ception system. The DCBF algorithm is extended from nar-
row band to wideband signals which is employed to estimate
of the DOA of the speech signal of interest using a circular
microphone array. With the adaptive CS motion model, it has
been shown that the cubature Kalman filter can reliably track
both maneuvering and nonmaneuvering speech source with
low computational complexity. By integrating the speech
enhancement approach and the improved tracking algorithm
into the hardware processing platform, we can capture the
distant speech and track the speech source movement in
a real-time manner, which has been demonstrated by the
outdoor experiments.
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